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ABSTRACT 
 Fast and accurate monitoring of tropical forest disturbance is essential for 
understanding current patterns of deforestation as well as helping eliminate illegal 
logging. This dissertation explores the use of data from different satellites for near real-
time monitoring of forest disturbance in tropical forests, including: development of new 
monitoring methods; development of new assessment methods; and assessment of the 
performance and operational readiness of existing methods. 
 Current methods for accuracy assessment of remote sensing products do not 
address the priority of near real-time monitoring of detecting disturbance events as early 
as possible. I introduce a new assessment framework for near real-time products that 
focuses on the timing and the minimum detectable size of disturbance events. The new 
framework reveals the relationship between change detection accuracy and the time 
needed to identify events. 
 In regions that are frequently cloudy, near real-time monitoring using data from a 
single sensor is difficult. This study extends the work by Xin et al. (2013) and develops a 
new time series method (Fusion2) based on fusion of Landsat and MODIS (Moderate 
	 viii 
Resolution Imaging Spectroradiometer) data. Results of three test sites in the Amazon 
Basin show that Fusion2 can detect 44.4% of the forest disturbance within 13 clear 
observations (82 days) after the initial disturbance. The smallest event detected by 
Fusion2 is 6.5 ha. Also, Fusion2 detects disturbance faster and has less commission error 
than more conventional methods. 
 In a comparison of coarse resolution sensors, MODIS Terra and Aqua combined 
provides faster and more accurate detection of disturbance events than VIIRS (Visible 
Infrared Imaging Radiometer Suite) and MODIS single sensor data. The performance of 
near real-time monitoring using VIIRS is slightly worse than MODIS Terra but 
significantly better than MODIS Aqua. 
 New monitoring methods developed in this dissertation provide forest protection 
organizations the capacity to monitor illegal logging events promptly. In the future, 
combining two Landsat and two Sentinel-2 satellites will provide global coverage at 30 m 
resolution every 4 days, and routine monitoring may be possible at high resolution. The 
methods and assessment framework developed in this dissertation are adaptable to newly 
available datasets.  
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Chapter 1: Introduction 
Forest disturbance caused by human activities such as deforestation, urbanization 
and agricultural expansion influences various aspects of the global climate including the 
energy balance, hydrologic cycle, and atmospheric composition (Dale et al., 2001; 
Govindasmy et al., 2007; Bonan, 2008). Tropical forests are one of the largest terrestrial 
reservoirs of biodiversity (Dirzo and Raven, 2003; Peres et al., 2010) and carbon (Baccini 
et al., 2012). Tropical forests have also experienced a high rate of deforestation in the 
past few decades (Skole and Tucker, 1993; Achard et al., 2002; Kirby et al., 2006; 
Soares-Filho et al., 2006). Such dramatic change in tropical forests has significant impact 
on biodiversity and the hydrologic cycle, as well as local and global climate (Shukla et 
al., 1990; Costa and Foley, 2000; Durieux et al., 2003; Feddema et al., 2005; Malhi et al., 
2008).  
Local governments and international organizations have devoted tremendous 
effort to try to reduce the rate of deforestation in the tropics through establishing 
protected areas (Rodrigues et al., 2004; Andam et al., 2008; Soares-Filho et al., 2010) and 
incentive programs such as Reducing Emission from Deforestation and Degradation 
(REDD) (Gibbs et al., 2007; Stickler et al., 2009). Accurate and timely monitoring of 
forest disturbance is essential for the reporting to international programs as well as for 
local law enforcement agencies to better allocate their resources to eliminate illegal 
logging and encroachment on protected areas. Near real-time monitoring systems that can 
track deforestation events as they occur so that immediate actions can be taken to protect 
the intact forest would be very beneficial. 
		
2 
1.1 Background 
Remote sensing images have been widely used to study the dynamics of land 
cover and land use (e.g. Gopal et al., 1999; Hansen et al., 2000; Latifovic et al., 2004; 
Schneider et al., 2009; Cohen et al., 2010; Sulla-Menashe et al., 2011; Potapov et al., 
2012;). Landsat and the Moderate Resolution Imaging Spectroradiometer (MODIS) are 
two of the most commonly used data sources for monitoring land cover and land use 
change (García-Mora et al., 2012; Wulder et al., 2012).  
Since Landsat data became freely available to the public in 2008 (Woodcock et 
al., 2008), there has been increasing effort devoted to mapping land cover change over 
large areas using Landsat data (well reviewed by Hansen and Loveland, 2012). Hansen et 
al. (2013) provided the first high-resolution (30m) dataset of global forest loss and gain 
from 2000 to 2012 using a decision tree model on 654,178 growing season Landsat 
images processed by Google Earth Engine (https://earthengine.google.com/). Kennedy, 
Cohen, & Schroeder (2007) introduced a trajectory-based automated change detection 
algorithm that detects trend in forest disturbance and recovery using Tasseled-cap (Crist, 
1985) transformation of Landsat images. This LandTrendr algorithm demonstrated the 
ability to detect forest disturbance and recovery phenomena when being tested in a set of 
plots across four Landsat scenes located in the Pacific Northwest of The United States 
(Kennedy et al., 2010). Zhu & Woodcock (2014) developed the Continuous Change 
Detection and Classification (CCDC) that uses Robust Iteratively Reweighted Least 
Squares (RIRLS) method (Holland and Welsch, 1977) to fit a two term harmonic model 
to the full time series of Landsat observations. Change detection is achieved by inserting 
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a break into the time series when consecutive observations depart from the model 
prediction. The model coefficients are passed to a random tree classifier to determine the 
land cover class of each time series segment. CCDC has been applied to Landsat data for 
monitoring of land change in various studies (e.g. Olofsson et al., 2016; Zhu et al., 2016a; 
Arevalo et al., 2017). 
MODIS collects daily data for most areas on Earth. There is a whole suite of 
products derived from MODIS data (Justice et al., 2002), but none of them directly 
addresses the issue of deforestation, particularly in near real-time. The MODIS land 
cover product (Friedl et al., 2010) is updated annually and frequently used for land cover 
related studies (e.g. Zhang et al., 2010; Randerson et al., 2012; Bolton and Friedl, 2013). 
MODIS fire products can reliably monitor large fire events in near real-time (Roy et al., 
2008a). MODIS data are also used in various studies of estimating the overall rate of 
deforestation for large areas (e.g. Morton et al., 2005; Baccini et al., 2012).  
Most Landsat and MODIS based approaches focus on trying to provide an 
historical record of land cover change, especially forest change. The change maps 
produced by these approaches are often updated annually. While retrospective analysis is 
necessary for understanding the history of land cover dynamics, it does not help solve 
imminent problems such as illegal logging and encroachment on protected areas. What is 
needed is a near real-time monitoring system that can detect forest disturbance events as 
early as possible.  
Near real-time monitoring has proven difficult using data from single satellite 
(Xin et al., 2013). Hansen et al. (2016) developed a humid tropical forest disturbance 
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alert system using Landsat data. The alert system is tested and validated for Peru. 
However, the author noted that the availability of observations is a limiting factor due to 
acquisition strategies and cloud cover. Landsat satellites collect data over the same area 
every 16 days (or 8 days with both Landsat 7 and 8). Due to the combined effect of the 
Scan Line Corrector (SLC) failure on Landsat 7 (Markham et al., 2004) and the frequent 
presence of clouds in the tropics (Asner, 2001), the number of useful observations is 
often extremely limited and unevenly distributed across the year (Ju and Roy, 2008). 
Hence, the performance of near real-time monitoring systems in cloudy regions using 
Landsat data are significantly limited by the acquisition frequency of Landsat.  
The MODIS sensor uses large view angles (up to 55 degrees) to achieve nearly 
daily coverage of the Earth. Observations of the same place are often acquired from very 
different view angles. The center location and size (or footprint) of the actual 
observations collected from different days varies significantly. The variability of the 
footprints of daily observations will introduce noise in the spectral signature. This view 
angle effect (Tan et al., 2006) makes day-to-day comparison of MODIS observations 
very difficult. 
Alternatively, some currently operational near real-time products use multi-day 
composite MODIS products. For example, Terra-i, an operational non-government 
organization (NGO) effort to map deforestation in near real-time, trains a model on 
MODIS 16-day Normalized Difference Vegetation Index (NDVI) composites 
(MOD13Q1) and precipitation data (Reymondin et al., 2012). The Deforestation 
Detection System in Real Time (DETER) is another MODIS-based near real-time 
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monitoring system used by the Brazilian National Institute for Space Research (INPE) for 
deforestation surveillance (Shimabukuro et al., 2007). While these products are 
operational and have proven helpful for tropical countries such as Brazil and Peru, they 
are still far from perfect. Use of multi-day composite data may limit how quickly change 
can be detected, and the use of daily MODIS data may allow change to be identified 
earlier. Also, using only MODIS data cannot achieve the same spatial detail that Landsat 
can provide. Smaller deforestation events, such as the beginning stage of a logging event 
may not be detectable until the event becomes large enough.  
1.2 Research Statement 
 Given the difficulties in near real-time monitoring of forest disturbance using 
remote sensing data from a single satellite, there is clearly the need for new methods that 
can combine the spatial detail of high-resolution sensors and the temporal frequency of 
coarse resolution sensors. Xin et al. (2013) introduced a fusion approach that predicts 
MODIS swath surface reflectance (MOD09) observations based on the history of Landsat 
data, and then detects change by comparing predicted and observed MODIS swath 
surface reflectance. However, the prototype fusion approach of Xin et al. was 
preliminary. It relies heavily on an extremely accurate cloud mask which often needs to 
be manually crafted. It is also a single-date approach and lacks the continuous monitoring 
capability that is essential to near real-time monitoring of deforestation.  
Additionally, conventional methods for accuracy assessment of remote sensing 
results based on statistical inference focus on map accuracy and area estimation. 
However, the priority for near real-time monitoring is detecting disturbance events as 
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early as possible instead of estimating the overall rate of deforestation. Therefore, 
conventional methods of accuracy assessment are not well suited for evaluation of the 
results from near real-time monitoring. The near real-time products mentioned here have 
not been thoroughly assessed for accuracy (Shimabukuro et al., 2007; Reymondin et al., 
2012), the size of the deforestation event that can be detected, and how fast the event can 
be detected. 
This dissertation explores the use of multi-sensor remote sensing data to provide 
fast and accurate monitoring of tropical forest disturbance. More specifically, this 
dissertation includes: 1) development of new near real-time monitoring methods using 
multi-sensor remote sensing data; 2) development of a new assessment framework that 
focuses on the timing and the minimum detectable size of disturbance events; 3) 
assessment of the performance and operational readiness of existing methods; and 4) 
comparison of coarse resolution sensors for use in near real-time monitoring over large 
areas. 
1.3 Structure of dissertation 
The overall goal of the dissertation is to provide a comprehensive remote sensing 
solution to near real-time monitoring of tropical forest disturbance. This dissertation is 
structured into three chapters. 
1.3.1 Near real-time monitoring of forest disturbance by fusion of Landsat and MODIS 
data 
 In the first part of my dissertation (Chapter 2), I improved Xin et al.’s fusion 
approach and developed a new time series based algorithm (Fusion2). The new Fusion2 
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algorithm incorporates a portion of Xin et al.’s fusion approach that uses time series 
models of Landsat data to predict new MODIS swath observations. Fusion2 calculates 
residuals as the absolute difference of the predicted swath observations and the actual 
swath observations. By re-projecting the residuals back to the Landsat grid, the Fusion2 
system can build a time series of residuals at the Landsat scale and detect change in the 
trend of the residuals as an indicator of forest disturbance. This new method is tested in 
three sites in the Amazon Basin.  
1.3.2 An assessment framework for near real-time monitoring systems 
 In my second study (Chapter 3), I developed a new assessment framework for 
assessing the performance of near real-time monitoring systems. Unlike conventional 
accuracy assessment methods that use single pixels as the assessment unit, the new 
method focuses on the timing and the minimum detectable size of forest disturbance 
events. I applied the new assessment framework to three near real-time monitoring 
systems: Fusion2 introduced in Chapter 2, Near Real-time Continuous Change Detection 
and Classification (NRT-CCDC) (Bullock et al., 2018), and Terra-i (Reymondin et al., 
2012). 
1.3.3 Comparison of MODIS and VIIRS data for near real-time monitoring of forest 
disturbance 
 Continuous monitoring over large areas requires routine processing of large 
amount of data. Near real-time monitoring using high-resolution data is computationally 
inefficient and is not operational-ready. In my third study (Chapter 4), I modified an 
operational-ready near real-time monitoring system, NRT-CCDC (Bullock et al., 2018), 
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to adapt data from Visible Infrared Imaging Radiometer Suite (VIIRS). I compared the 
performance of NRT-CCDC using data from MODIS and VIIRS. The comparison 
provides better understanding of different designs of coarse-resolution sensors and their 
strength in near real-time monitoring of forest disturbance. 
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Chapter 2: Near real-time monitoring of forest disturbance by fusion of Landsat 
and MODIS data 
2.1 Introduction 
 Fast and accurate monitoring of tropical forest disturbance is essential for 
understanding current patterns of deforestation as well as helping eliminate illegal 
logging.  
Resulting from the free data policy (Woodcock et al., 2008), time series of 
Landsat data is commonly used to monitor changes in forested areas (e.g. Cohen et al., 
2010; Kennedy et al., 2010; Zhu et al., 2012; Hansen et al., 2013). However, in tropical 
area such as the Amazon Basin, the number of useful observations is often extremely 
limited and unevenly distributed across the year due to the heavy presence of clouds (Ju 
and Roy, 2008). For example, in Colombia (Landsat Path 7 / Row 59) the number of 
cloud free observations for each pixel averages about 10 during 2013-2015 while in Pará, 
Brazil (Path 227 / Row 65) there are almost no clear observations during the wet season 
(November - May) (see Figure 2.1). The performance of Landsat-based near real-time 
monitoring in cloudy regions is significantly limited by the acquisition frequency of 
Landsat.  
MODIS, on the other hand, collects observation for most areas on Earth daily. 
There is a whole suite of land products derived from MODIS data (e.g. Friedl et al., 2010; 
Roy et al., 2008), but none of them directly addresses the issue of deforestation, 
particularly in near real-time. What makes change detection with MODIS so difficult is 
the geometric effect of a wide range of view angles (Tan et al., 2006). MODIS 
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observations of the same place are often acquired from very different view angles, and 
hence the center location and size (or footprint) of the observations varies significantly. 
Therefore, day-to-day comparison of MODIS observations is very difficult. 
 
Figure 2.1: Average number of cloud-free Landsat observations by month from 2013-2015 for the 
three study sites used in this study. There are very few clear observations during the wet season (Nov. 
to May) for the two Brazilian sites (P227R065 and P232R066), and very few clear observations all 
year for the Colombia site (P007R059).  
Most of the currently operational near real-time products use multi-day 
composites of MODIS data. For example, Terra-i uses the MODIS 16-day NDVI 
composite product and precipitation data (Reymondin et al., 2012). Deforestation 
Detection System in Real Time (DETER) uses a combination of linear spectral mixing 
model and manual interpretation on MODIS data (Shimabukuro et al., 2007). Bullock et 
al. (2018) presented a time series approach using daily MODIS surface reflectance with 
filtering by view angle. What is missing here is a compressive way of monitoring land 
cover change in near real-time that can combine the spatial detail of Landsat and the 
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temporal frequency of MODIS. 
There have been some successful attempts to combine, or fuse, Landsat and 
MODIS data to improve the temporal availability of Landsat data. Gao et al. (2006) 
developed a Spatial and Temporal Adaptive Reflectance Fusion Model (STARFM) that 
predicts Landsat surface reflectance of any day based on pairs of Landsat and MODIS 
images acquired from the same day and MODIS images of the prediction date. Zhu et al. 
(2010) developed ESTARFM (Enhanced STARFM) that improved the performance of 
STARFM in heterogeneous landscapes. Both approaches predict the seasonal change of 
the surface reflectance quite well. Roy et al. (2008) used MODIS Bidirectional 
Reflectance Distribution Function (BRDF) / Albedo product and Landsat data to predict 
Landsat data on the same, antecedent, or subsequent date for filling SLC-off gap or 
missing data resulted from cloud and cloud shadow. All of the fusion approaches 
mentioned here assume a relatively static surface state, which is clearly not the case of 
forest disturbance.  
 Xin et al. (2013) developed a fusion approach that uses time series model on 
Landsat data to predict MODIS swath surface reflectance (MOD09) observations, and 
then detects change by comparing predicted and observed MODIS swath surface 
reflectance. Using the swath data instead of the gridded MODIS product allows the 
model to account for the variation in the size and location of the footprint of each MODIS 
observation, and therefore use daily MODIS observations for change detection. However, 
the prototype fusion approach based on analysis of single-date image and requires an 
extremely accurate cloud mask that has to be manually crafted. Therefore, there is a clear 
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need to develop a multi-sensor near real-time monitoring system for deforestation in the 
tropics.  
In this study, I present an advanced version of Xin et al.’s fusion approach. The 
new model (Fusion2) relies on time series of residuals, defined as the difference between 
the predicted and observed swath surface reflectance, for continuous monitoring of forest 
disturbance. The Fusion2 model is tested in three selected study sites in the Amazon for 
monitoring forest disturbance events in 2013-2015. Fusion2 can detect forest disturbance 
events as soon as a few days after the disturbance depending on the availability of 
cloudless observation. The advantages of Fusion2 include: 1) the process can be 
completely automated; 2) the model can continuously monitor new forest disturbance 
events as new MODIS observations became available; and 3) the model can tolerate 
missed cloud/cloud shadow in the data. 
2.2 Methodology 
2.2.1 Data and study area 
2.2.1.1 Study Area 
Three areas located in the Amazon region were selected as the study area (Figure 
2.2): Landsat Path 227 / Row 65 located in the state of Pará, Brazil; Path 232 / Row 66 
located in Rondônia, Brazil; and Path 7 / Row 59 in Colombia. All three sites are typical 
tropical forest areas that have experienced deforestation in the past few decades. Since 
the purpose of our model is to monitor deforestation in near-real time, the new model 
targets only recent deforestation events. From the beginning of 2013 to the end of 2015 is 
defined as the study period.  
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Figure 2.2: The study area includes three selected Landsat scenes located in Pará, Brazil (P227R065), 
Rondônia, Brazil (P232R066), and Colombia (P007R059). 
Among the three test sites, the Pará site has the most recent deforestation events. 
The size and magnitude of the deforestation events are also relatively large compared to 
the other sites. The Rondônia site has the highest number of available images among 
areas in the Amazon. It also has many recent deforestation events and in a variety of 
sizes. These two sites include the most obvious deforestation events and hence can be 
considered representatives of the best available conditions for monitoring.  
The Colombia site has the smallest number cloud free images available from both 
Landsat and MODIS. It also has the smallest amount of recent deforestation among the 
three sites. Deforestation activities in this site are small in size, and the changes in 
spectral signal are also subtle. All of these factors make it very difficult to detect the 
changes in this area. This site represents the areas in the Amazon region that is difficult to 
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monitor using remote sensing data. 
2.2.1.2 Landsat Data 
I downloaded all available Standard Terrain Correction (L1T) Landsat 4-8 surface 
reflectance data for all three sites from the Landsat Archive using the Earth Resources 
Observation and Science (EROS) Center Science Processing Architecture (ESPA) 
interface (https://espa.cr.usgs.gov/). All images for each site were atmospherically 
corrected (Masek et al., 2008), and clipped to the exact same spatial extent. Clouds and 
cloud shadow were masked using Fmask (Zhu and Woodcock, 2012). A total of 419 
images for the Pará site; 543 for the Rondônia site; and 201 for the Colombia site were 
downloaded and processed.  
2.2.1.3 MODIS swath data 
I downloaded all available Collection 5 Level 2 (atmospherically corrected 
surface reflectance product) MODIS swath data that covers our study area for 2012-2015. 
Data of 2012 is included for model initialization, which will be explained in Section 2.3. 
Data collected by both Terra (MOD09) and Aqua (MYD09) were downloaded from the 
Level 1 and Atmosphere Archive and Distribution System (LAADS) website 
(https://ladsweb.nascom.nasa.gov/). Each MODIS swath data file covers an area of 2330 
km by 1354 km. I cut out the sections of the swath data over our three study sites as sub-
images for the purpose of storage and processing. Based on the Quality Assurance (QA) 
band, any sub-image that is more than 90% cloudy is discarded. A total of 626 sub-
images for the Pará site; 557 for the Rondônia site; and 366 for the Colombia site were 
used in later processing. 
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2.2.2 Generation of a time series of residuals 
The core of the original fusion approach (Xin et al., 2013) is to use imagery from 
a sensor with higher resolution (like Landsat) to develop a model of the ground surface 
reflectance, and then create a synthetic surface reflectance layer by simulating the data 
acquisition process of a coarser-resolution sensor (like MODIS). Xin et al. (2013)Xin et 
al. (2013) used the CCDC (Zhu and Woodcock, 2014) model to generate daily synthetic 
Landsat imagery (Zhu et al., 2015) to serve as the model of the ground surface. They then 
used the MODIS swath surface reflectance product (MOD09), which contains the center 
location and view angle of each observation, to try to reproduce the acquisition process of 
the MODIS sensor and create a predicted MODIS swath surface reflectance layer. This 
approach accounts for the day-to-day variation in the center location and size of the 
footprint of the daily observations, and hence allows single-date change detection by 
calculating the difference between the predicted and observed MODIS swath data. 
The approach of Xin et al. lacks continuous monitoring ability and requires 
extremely accurate forest and cloud masks because it is based on a single MODIS 
observation. Using this approach missed clouds will look like forest change and result in 
a commission error in the change detection process. While it is difficult to compare 
MODIS observations from day-to-day, one thing that is comparable is the residual, or the 
difference between the prediction and the actual observation. By building a time series of 
the residuals, it is then possible monitor land cover change by analyzing the trend in the 
time series of residuals. This approach requires the assumption that our predictions of the 
swath observations are fairly accurate. If there’s no land cover change, then the residuals 
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should be close to zero (Figure 2.3 A). When a land cover change occurs, our model 
prediction will no longer be close to the actual observation, resulting in a sudden spike 
(or drop) in the residuals (Figure 2.3 B). However, if a disturbance occurred before our 
study time period, the residuals will have very high variance and a significant large 
absolute mean value from the beginning (Figure 2.3 C). Therefore, the model can 
continuously monitor land cover change by monitoring the time series of residuals. 
 
Figure 2.3: Example of a time series of residuals in the near-infrared band of: (A) a stable forest 
pixel, (B) a forest disturbance pixel, and (C) a stable non-forest pixel. Pre-disturbance observations 
are shown in green, post-disturbance in blue, and outliers (scattered, but not consecutive, residuals 
that exceeds a predefined threshold) in black. The detection of outliers is based on both the near 
infrared (NIR) and red band. 
Figure 2.4 shows a schematic diagram of the Fusion2 monitoring system. The 
Fusion2 system uses the portion of Xin et al.’s approach that creates predicted MODIS 
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swath observations based on Landsat time series. I used the CCDC model to generate 
synthetic Landsat images for each day when a less than 90% cloudy MODIS sub-image is 
available.  
 
Figure 2.4: Schematic diagram of the new Fusion2 monitoring system showing processes (silver) and 
data products (gold). The Fusion2 system includes the work of Zhu and Woodcock (2014) and Xin et 
al. (2013), and added a continuous monitoring feature based on time series of residuals (the 
difference between predicted and observed MODIS swath surface reflectance values). 
The CCDC model itself has the ability to detect change given long enough time 
series. It will be very confusing if both CCDC and Fusion2 are performing change 
detection at the same time. Therefore, the model is set to predict based on the first 
available land cover class in the time series so that the predicted image will not include 
any disturbance that occurred in the Landsat time series. If a disturbance event occurred 
before the study period, the model prediction from CCDC is based on the first land cover 
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class and will continue to predict a stable forest signal while the actual observations will 
show the signal of the post-disturbance land cover class (usually agriculture). As a result, 
the residuals will always have very high variance. 
The synthetic Landsat images were then used in the Xin et al.’s fusion model to 
generate predicted MODIS swath observations. The model then matches the overall mean 
of the predicted swath values with the observed swath values (Equation 2.1) to remove 
any bias in our prediction. Figure 2.5 shows a time series of the difference between 
predicted and observed swath observations for a stable forest pixel. The overall mean 
matching process significantly reduces the noise in the time series. 
𝜌+,∗ = 𝜌+, − /∑ 𝜌1,2345 − ∑ 𝜌32345𝑛 7												(2.1)	
where: 𝜌+,∗ is the bias removed predicted surface reflectance of the ith observation in the 
swath image; 𝜌+,  is the predicted surface reflectance of the ith observation; 𝜌3 is the 
observed surface reflectance of the jth observation; and n is the total number of 
observations in the swath image. 
I define residuals as the difference between the predicted (with matching of 
overall mean) and observed swath observation (Equation 2.2). Thus, for each day when a 
less than 90% cloudy MODIS sub-image is available, I generated a corresponding swath 
image of residuals.  𝜀= = 𝜌+, ∗ − 𝜌= 										(2.2)	
where: 𝜌= is the observed swath surface reflectance of the ith observation; 𝜌+, ∗ is the bias 
corrected predicted surface reflectance of the ith observation; and 𝜀= is the residual of the 
ith observation. 
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Figure 2.5: Example of a time series of residuals in the near-infrared band of a stable forest pixel 
before (A) and after (B) overall mean matching. The overall mean matching significantly reduces the 
noise in the time series of residuals. 
To build a time series of residuals, it is necessary to place the residuals from the 
MODIS swath footprint onto a pre-defined grid so that a time series will accumulate for 
each grid cell. To preserve the spatial variation of the size and center location of each 
swath observation, the residual swath needs to be projected to a grid with much higher 
spatial resolution. Intuitively, Landsat grid is an ideal candidate for the following reasons:  
1) The size of a Landsat pixel is small enough to preserve the spatial variation of MODIS 
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footprint while still computationally efficient to process; 2) The geometric relationship 
between Landsat grid and MODIS swath has already been worked out by Xin et al., so 
the implementation was simplified; and 3) Tools to visualize and analyze Landsat time 
series (Holden, 2017a) are already available. Therefore, I projected all residual swath 
images back to the Landsat grid to build a time series of residuals at the scale of Landsat 
pixels. 
As mentioned in Section 2.1, time series analysis of daily MODIS data is difficult 
due to the fact that the footprint of each observation can vary from day to day (Tan et al., 
2006). However, time series analysis of the residuals is feasible because the variation in 
the footprint of the observation is already taken into account in the process of calculating 
the residuals.  
2.2.3 Change detection and classification 
I developed a simple algorithm that can detect sudden changes in the time series 
of residuals. The algorithm initializes by creating a population of residuals using the first 
k residuals in the time series (k being a model parameter). For each residual in the rest of 
the time series, the algorithm calculates a change index defined as the average ratio of the 
absolute value of the mean of population minus the current residual value and the 
standard deviation of the residual pool (Equation 2.3). If the average value of the change 
index across all bands exceeds a pre-defined threshold (another model parameter), the 
current residual is considered “suspicious”. And if it is lower than the threshold, the 
current residual is considered “no change” and added to the population.  
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1𝑛 ∙?/|𝜀= − 𝜀+∗A |𝑆𝐷(𝜀=∗) 72=45 ≥ 𝜃												(2.3)	
where: 𝜀= is the current residual value of the ith band; 𝜀=∗ is the residual pool of the 
ith band; n is the total number of bands included in the calculation; and 𝜃 is the threshold 
for identifying a “suspicious” residual value. 
Figure 2.6 shows a series of re-projected residual images of a disturbance event 
with areas that exceed the threshold highlighted in blue. Stable non-forest areas 
consistently exceed the threshold while the residuals for the area of the disturbance event 
are very low before the disturbance occurs (Figure 2.6 D). Missed cloud or cloud 
shadows cause residuals to exceed the threshold temporarily (Figure 2.6 E). When the 
disturbance event occurs, residuals in the area that is disturbed start to exceed the 
threshold (Figure 2.6 F). The entire area of the event exceeds the threshold after the 
disturbance process is completed (Figure 2.6 I). Observations acquired with larger view 
angle have larger footprints, and therefore may either overestimate the disturbed area 
(Figure 2.6 H) or underestimate the disturbed area (Figure 2.6 G) due to the observations 
being a mixture of both disturbed and stable areas.  
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Figure 2.6: The top panel shows Landsat images (Band 5, 4, 3 composite) of a forest disturbance 
event before (A) and after (B) the disturbance. The white polygon shows the approximate boundary 
of the event, and the area flagged as disturbance by the model is highlighted in red (C). The bottom 
panel (D-I) shows a series of re-projected residual images of the disturbance event. Forest areas that 
exceed the threshold are highlighted in blue. Non-forest areas that exceed the threshold are 
highlighted in grey. Both the residual images and the areas that exceed the threshold are at 30 m 
resolution. Notice that missed clouds or cloud shadows cause residuals to exceed the threshold 
temporarily (E); and a larger view angle causes the model to overestimate (H) or underestimate (G) 
the disturbed area due to the observations being a mixture of both disturbed and stable areas. 
If m out of n consecutive residuals (m and n are both model parameters) exceed 
the threshold and are flagged as “suspicious”, the algorithm will insert a break as an 
		
23 
indicator of change (Figure 2.7 B). Otherwise, the “suspicious” residual will be 
recognized as an outlier and be excluded from the population (Figure 2.7 A). The larger 
the value of n is the longer it takes the model to detect change but the less likely the 
model will be to have commission error. The smaller the value of m is the better the 
model can tolerate observations collected with large view angles while the closer m is to 
n the possibility for commission error decreases. I tested the model performance with 
different sets of parameters and settled on (m = 4) and (n = 6) for the results presented 
here. 
 
Figure 2.7: Example of outliers (A): defined as nonconsecutive residuals that exceed the threshold, 
and disturbance (B): defined as consecutive residuals that exceed the threshold. The model ignores 
scattered outliers and only searches for consecutive residuals that exceed the threshold as indicators 
of change. 
Once the initial pool (first k residuals in the time series) is established, the 
algorithm first rechecks the pool retrospectively to look for outliers and removes them. 
Breaks are not allowed in the initial pool. If the criteria for inserting a break is reached 
within the initial pool, the break will be added onto the first residual value after the initial 
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pool (𝜀FG5 will be flagged as change).  
For our application in the three sites in the Amazon, I used all residuals in 2012 as 
the initial population, and I ran the algorithm to detect change in 2013-2015. I tested the 
algorithm with both 250 m and 500 m MODIS swath surface reflectance data. I found 
that 250 m data produces the best results. Therefore, the 250 m red and near-infrared 
bands are used for change detection in this study. 
2.2.4 Classification of time series segments 
To determine if changes that are found are forest disturbance, I classify the two 
time segments on either side of the break.  Outliers detected in Section 2.2.3 are 
discarded from the time series segments prior to classification. 
A simple linear model is fit to each time series segment. I use five indicators to 
classify time segments: 1) the mean of the time series segment; 2) the standard deviation 
of the time series segment; 3) the slope of the linear model; 4) the RMSE of the linear 
model; and 5) the R2 of the linear model. The assumption is that a pre-disturbance time 
series segments (i.e. forests) should have near-zero mean, low standard deviation, near-
zero slope, low RMSE and low R2. Therefore, if any of the five indicators exceed the pre-
defined threshold (the thresholds of the five indicators are model parameters), the 
residual time series segment is considered to be post-disturbance (no longer forest). 
The outcome includes the following scenarios: 1) no break, pre-disturbance 
segments, or stable forest (Figure 2.8 A); 2) no break, post-disturbance, or stable non-
forest (Figure 2.8 B); 3) a break, two pre-disturbance segments, or stable forest with an 
unnecessary break detected (Figure 2.8 C); 4) a break, two post-disturbance segments, or 
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stable non-forest with an unnecessary break detected (Figure 2.8 D); and 5) a break, pre-
disturbance segment before break and post-disturbance segment after break, or forest 
disturbance (Figure 2.8 E). Scenario 1 and 2 are more common than the other two in the 
stable classes. Only scenario 5 results in forest disturbance. In some very rare cases, there 
could be a scenario that a break exists with a post-disturbance segment before the break 
and a pre-disturbance segment after the break. Such pixels are classified as stable non-
forest as well.  
As a near real-time monitoring system, newly acquired MODIS swath data can be 
added to the Fusion2 algorithm. The algorithm will compute the residual values for the 
new data and add them to the existing residual time series. The algorithm will then repeat 
the process described in Section 2.2.3 and 2.2.4 to determine if a new disturbance has 
occurred given the newly added data.  
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Figure 2.8: Examples of different types of pre-break (purple) and post-break (orange) time series 
segments of residuals: (A) pre-disturbance segment without a break; (B) post-disturbance segment 
without a break; (C) two pre-disturbance segments with a break; (D) two post-disturbance segments 
with a break; (E) and pre-disturbance and post disturbance segments with a break. Time series A 
and C are classified as stable forest. Time series B and D are classified as stable non-forest. And time 
series E is classified as forest disturbance. 
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Figure 2.9 shows series of images of re-projected residuals for a disturbance 
event. Before the initial disturbance, the residual values for the area of the disturbance 
event are close to zero and appears dark (days 356(12)-161). When the disturbance 
begins, the residuals for the disturbed area increases and shown up in the Figure as a 
bright spot (days 162-168). As the disturbance event expands, the bright spot in the 
residual images expands as well (days 170-186). Eventually the disturbance event ends 
and the complete event is visible in the residual image (day 189). The model detects the 
disturbed area (highlighted in red) due to consecutive high residual values. Therefore, 
there is always a lag between when the disturbance is visually apparent in the residual 
image and when the model flags it (day 162 compared to day 170).  
Images with a lower view angle looks sharper (e.g. days 180, 189, and 212), and 
the absolute residual values are larger (therefore brighter). Images with a higher view 
angle look blurrier (e.g. days 170, 206, and 209) and the absolute residual values are 
lower (darker). This situation is expected, as the size of the footprint of the observation is 
larger with a higher view angle. As a result, the observation is often a mixture of 
disturbed and stable areas. Undetected clouds occasionally shows up as bright spot in the 
residual image (day 210), but disappear in the next residual image. 
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Figure 2.9: Example of a series of re-projected residuals (greyscale images) and the change detection 
results (red) for a disturbance event. Both residuals and change detection results are at 30 m 
resolution Higher residual values (absolute residual) are brighter and lower residual values are 
darker. The first row shows a set of Landsat images (Band 5, 4, 3 composite) for reference. The 
upper row of each set of grayscale images shows the images of residuals, and the lower row shows the 
change detection result up to the date of the image. The day of year is labeled on top of each pair of 
residual images. Notice that images with a lower view angle appear sharper (e.g. days 180, 189, and 
212), and the absolute residual values are larger (brighter). Images with a higher view angle appear 
blurrier (e.g. 170, 206, and 209) and the absolute residual values are smaller (darker). Missed cloud 
occasionally shows up as a bright spot in the residual image (day 210). 
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2.2.5 Assessment of near real-time monitoring of forest disturbance 
The main objective of near real-time monitoring systems is to find the disturbance 
events as soon as possible rather than trying to estimate the total area of the disturbance. 
Conventional accuracy assessment for remote sensing estimates the accuracy of the map 
and can be used to produce unbiased area estimates with confidence intervals (Olofsson 
et al., 2014). However, in the context of near real-time monitoring, the focus should shift 
to the characteristics of the disturbance events as well as the time lag between the 
disturbance and the detection of the disturbance. In essence, what has been used to assess 
the accuracy of maps is not ideal for assessment of an alert system. Therefore, I 
developed a new assessment framework specifically designed for near real-time 
monitoring systems, which is presented in Chapter 3 of my dissertation.  
The new assessment framework is based on probability sampling and assessment 
of events rather than pixels. Several new terms are introduced: the lag time is defined as 
the number of days (or clear observations) after the initial disturbance; the detection rate 
is the percentage of events flagged as disturbance by the model at a specific lag time; and 
alert accuracy is then calculated by combining the detection rate with stratification 
weight (see Chapter 3 for details). A new alert-lag relationship curve, which describes 
alert accuracy as a function of lag time, is then used to address the errors of omission. In 
addition, conventional pixel-based accuracy assessment is used to address the errors of 
commission. 
For the purpose of illustrating the assessment framework, I also conducted a 
comparison study that assesses the performance of three near real-time monitoring 
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systems including: the Fusion2 algorithm (presented in this chapter); Near Real-time 
Continuous Change Detection and Classification (NRT-CCDC) (Bullock et al., 2018); 
and Terra-i (Reymondin et al., 2012). I used stratified random sampling based on the 
agreement of the alert maps from the three near-real time systems. The alert maps from 
the Fusion2 algorithm were resampled to the spatial resolution of the MODIS 250 m 
products using a majority rule to match the alert maps from the other two products. A 
total of 765 sample units were selected and evaluated. The assessment results for the 
Fusion2 approach are presented here while the results for the comparison of the three 
systems are presented in Chapter 3. 
2.3 Results 
2.3.1 Alert maps produced by the Fusion2 algorithm 
Figure 2.10 shows three alert maps created by the Fusion2 algorithm for the Pará 
(Figure 2.10 A), Rondônia (Figure 2.10 B), and Colombia sites (Figure 2.10 C). The alert 
maps are created at 30 m resolution. For each site, a Landsat image is provided to 
illustrate the land cover for comparison. Stable forest areas are shown in light grey, stable 
non-forest in dark grey, and forest disturbance events that occurred in 2013-2015 are 
color coded by the time of the change. The Pará site is the most active site of forest 
disturbance. It not only has the most events but also some of the largest forest disturbance 
events. The Rondônia site has agriculture expansion on the edges and tips of existing 
non-forest area. There is one large disturbance event in the middle of the Rondônia site 
which was caused by flooding. The Colombia site is the least active site in terms of forest 
disturbance, with only a few relatively small disturbance events. 
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Figure 2.10: Forest disturbance maps (right) at 30 m resolution created by the Fusion2 monitoring 
system and a Landsat image (band 5, 4, 3 composite) for the Pará (A), the Rondônia (B), and the 
Colombia (C) sites. The maps include three classes: stable forest (light grey), stable non-forest 
(darker gray), and forest disturbance (color coded by the date of change). 
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Figure 2.11 illustrates three examples of disturbance events and the process of 
monitoring them using the Fusion2 algorithm. Figure 2.11 (A) shows the result of a large 
disturbance event (1803.3 ha.) while Figure 2.11 (B) and 2.11(C) show a medium-size 
event (290.3 ha.) and a small event (48.5 ha.) respectively. The top panel of each 
sequence includes Landsat images at different stages of the disturbance event. The 
bottom panel of each Figure highlights the pixels that were flagged as disturbed by the 
Fusion2 algorithm up to the same date as the corresponding Landsat image. The result 
here demonstrates that the Fusion2 algorithm has the ability to map the shape of a forest 
disturbance event as it occurs and develops.  
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Figure 2.11: Examples of large (A), medium (B), and small (C) disturbance events and the process of 
monitoring with the Fusion2 model. Landsat images are used as background (Band 5, 4, 3 
composite), disturbance flagged by the Fusion2 (at 30 m resolution) on the corresponding date are 
shown in red, and approximated MODIS 250 m grid is shown in white. 
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2.3.2 Accuracy Assessment 
Following the assessment framework introduced in Chapter 3, I conducted 
conventional pixel-based assessment to address the errors of commission and event-based 
assessment to address the errors of omission. The pixel-based result indicates that the 
Fusion2 algorithm has an 86.7% user’s accuracy for the disturbance class (86.7% of the 
area mapped as disturbance is correct according to reference data, and 13.3% of the area 
mapped as disturbance is actually stable area), 95.1% and 79.2% for the stable forest and 
non-forest class respectively (Table 2.1). 
Table 2.1: Error matrix showing the percentage of the area in each class of the disturbance maps and 
reference dataset, and the user’s accuracy of the disturbance maps created by the Fusion2 model. 
Confusion Matrix (Unit: % Area)     
Class Forest Non-forest Disturbance User's Accy. 
Forest 73.3 1.5 2.3 95.1 
Non-forest 3.6 1.0 17.4 79.2 
Disturbance 0.005 0.8 0.1 86.7 	
For errors of omission, I calculated the alert-lag relationship curve with the lag 
time measured in number of days (Figure 2.12 A) and number of clear observations 
(Figure 2.12 B). For the three testing sites in the Amazon, the Fusion2 algorithm starts 
detecting disturbance events right after the initial disturbance and was able to find 29.0% 
of the forest disturbance within 30 days after the initial disturbance. The alert accuracy 
reaches a “saturation point” at 82 days (or 13 clear observations) after the initial 
disturbance and the Fusion2 algorithm was able to detect 44.4% of all the disturbances in 
the study sites.  
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Figure 2.12: (A) Alert-lag relationship curve in number of days (the accuracy is corrected by the 
weights from the stratification) with confidence intervals; (B) comparison of alert-lag relationship 
curve in number of days (blue) and number of clear observations (red); (C) detection rate (not 
corrected by stratification weight) grouped by size of events into small, medium, and large (0-3. 3-15, 
and 15+ MODIS 250 m pixels respectively); (D) detection rate (not corrected by stratification 
weights) grouped by the three study sites; Notice the confidence intervals are very wide due to the 
small sample size. The spike in the curve with number of clear observations is much steeper than 
with number of days (B), which indicates that, in this region, it can take many days to get a few clear 
observations. 
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2.4 Discussion 
2.4.1 Events missed by the Fusion2 system 
A total of 23 events out of 137 were never detected by the Fusion2 system. After 
careful examination of those events, I find that the events are missed mainly because of 
the following reasons: 1) partial clearing, or forest degradation (large events) (e.g. Figure 
2.13 A); 2) small or irregularly shaped events (such as road) (Figure 2.13 B); 3) small 
events attached or surrounded by non-forest areas (Figure 2.13 C); and 4) lack of clear 
observations (events in the Colombia site) (Figure 2.13 D). The residuals, although re-
projected to 30 m resolution, were calculated based on MODIS swath observations at 250 
m resolution. The result of Fusion2 missing small disturbance events is expected as 
change detection is very difficult when the original observation is a mixture of different 
land covers due to the large size of MODIS pixels. Using data from sensors with higher 
resolution (such as Landsat and Sentinel-2) can improve the accuracy of detecting events 
in such as (A), (B) and (C) in Figure 2.13. Adjusting the model parameters based on 
additional landscape metrics such as proximity to existing disturbed areas may help 
improve the accuracy of detection of events such as (C) in Figure 2.13. Integrating radar 
data would improve the temporal frequency of clear observations and as a result may 
improve the accuracy of detecting events such as (D) in Figure 2.13.  
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Figure 2.13: Examples of disturbance events missed by the Fusion2 monitoring system: A) partial 
clearing; B) small or irregularly shaped events; C) small events attached to existing non-forest areas; 
and D) detectable event missed due to lack of clear observations. 
2.4.2 Effects of stratification on alert accuracy 
The alert accuracies are significantly influenced by the stratification weights. 
Table 2.2 shows confusion matrices in the units of pixels for the 6 different strata at 100-
day lag time. The detection rate at a 100-day lag time is 62.4%, but the accuracy 
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(detection rate corrected by stratification weights) is only 45.1%. The stable forest strata 
covers 73.1% of the map. Therefore, the 5 pixels that are misclassified in the stable forest 
stratum carry significant weight in the calculation of the producer’s accuracy for the 
disturbance class. If these 5 pixels were correct, it would increase the accuracy to 72.0%. 
The effect of the high weights for the stable forest stratum can be reduced by breaking 
down this large stratum into several smaller strata in an attempt to concentrate any errors 
of omission into a smaller stratum. 
Table 2.2: Confusion matrices in the units of pixels for different strata at 100-day lag time. Notice 
that the 5 pixels misclassified in the stable forest stratum have a significant impact on the accuracy. 
Lag time = 100     Accuracy = 45.1%    Detection rate = 62.4% 
Confusion Matrix (Unit: Pixels) 
Stata: 1 - Stable forest  Stata: 2 - One agree   
Class No Event Event  Class No Event Event 
Stable 339 5  Stable 39 11 
Disturbance 0 3  Disturbance 0 19 
             
Stata: 3 - Two agree    Stata: 4 - Three agree 
Class No Event Event  Class No Event Event 
Stable 11 7  Stable 1 11 
Disturbance 0 52  Disturbance 0 62 
             
Stata: 5 - Stable non-forest  Stata: 6 - Possible error 
Class No Event Event  Class No Event Event 
Stable 112 3  Stable 39 19 
Disturbance 0 1  Disturbance 0 10 
 
2.4.3 Timing of the change detection 
The main objective of a near real-time monitoring system is to detect forest 
disturbance as early as possible. In theory, the Fusion2 monitoring system is capable of 
detecting forest disturbance within several days after the event. However, in practice, the 
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actual time needed for confirming the disturbance varies significantly depending on 
several factors including the size and magnitude of the disturbance, the quality of the 
Landsat model, the model parameters, and the availability of clear observations. The 
accuracy assessment shows that the model found most of the detectable disturbance 
events within 100 days after the initial disturbance. Figure 2.12 B shows the alert-lag 
relationship curve as a function of number of clear observations. The spike is much 
steeper comparing to the detection rate as a function of lag time. It shows that the 
majority of the disturbance events were detected within a few clear observations. Clearly, 
the frequency of clouds influences the actual time in days required to find disturbance. In 
the rainy season in the Amazon (November - May), it can be months between clear 
observations (see Figure 2.1). Figure 2.14 shows the relationship of lag time and day of 
year for all events in the reference dataset. In general, events that occurred during the dry 
season or close to the beginning of the dry season have smaller lag times than events that 
occurred during the wet season due to the lack of clear observations during the wet 
season. Including radar data may improve the detection of disturbance events that 
occurred during the wet season. 
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Figure 2.14: Scatter plot of lag time and day of year for all events in the reference dataset. The two 
red vertical lines outline the beginning and the end of the dry season (defined as June to October). 
Notice that events that occurred during the dry season or close to the beginning of the dry season 
have smaller lag times than events that occurred during the wet season. 
2.4.4 Minimum detectable size 
Not surprisingly, larger forest disturbance events are usually easier to detect than 
smaller events. Figure 2.12 (C) shows the detection rate of large events (more than 15 
MODIS 250 m pixels), medium-sized events (3-15 MODIS 250 m pixels), and small 
events (less than 3 MODIS 250 m pixels). As expected, large and medium-sized events 
have much higher detection rate than small events. The smallest event detected by the 
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model is 6.5 ha and all seven events that are smaller than a single 250 m MODIS pixel 
were missed by the monitoring system. This result is expected as partial disturbance of a 
pixel would cause less change in the residual and therefore make it harder to identify. 
There is no perfect solution to this problem other than using data with higher spatial 
resolution, if we are willing to compromise the timing of the detection. By combining 
data from high-resolution sensors including Landsat 7, Landsat 8, Sentinel-2A and -2B, 
there might be a way to get a faster detection rate for small events. But the lag time is 
likely to be larger than the current fusion model that utilizes two daily observations from 
Terra and Aqua.  
2.4.5 Data Availability 
Data availability is one of the key factors that affects the performance of the 
system. The lack of clear Landsat observations will affect the accuracy of our model for 
the ground surface and hence affect the accuracy of the predict MODIS swath 
observation. The lack of clear MODIS observations will increase the lag time needed for 
the detection of disturbance events. The Amazon region in general is very cloudy 
especially in the wet season, but there is still heterogeneity among the different study 
areas. The two sites in Brazil have a useful number of clear observations during the dry 
season, but are usually completely cloudy during the wet season, while the Colombia site 
is cloudy almost all year. Figure 2.12 (D) shows the detection rate of disturbance events 
grouped by the three study sites. The model performs better in both Brazilian sites than 
the Colombia site. The model performs slightly better in the Para site than in the 
Rondônia site because the disturbance events in the Pará site are much larger. The 
		
42 
Rondônia site and the Colombia site have similar size of events, but the model performs 
better in Rondônia due to the abundance of clear observations.  
2.4.6 Future plan and improvements 
Preliminary results show that the prototype near real-time monitoring system 
works well at times in the three selected study sites in the Amazon region, but overall 
improvements in detection are needed. There are still a number of improvements that can 
be made.  
The Fusion2 algorithm detects sudden spikes (or decreases) in the time series of 
residuals as an indicator of land cover change. This approach is simple can likely be 
improved. First, I plan to develop a more advance change detection algorithm that looks 
for a specific response in the residual that is usually associated with deforestation (e.g. a 
drop in near-infrared reflectance). Second, I found that using the 250 m bands of MODIS 
produces better results than using the 500 m bands. It will be interesting to test if 
supplementing the two 250 m bands with the 500 m short wave infrared bands would 
improve the results. Third, the magnitude of the change in the residuals may be very 
useful to determine whether the deforestation event affected the entire pixel or just part of 
the pixel. This will help better distinguish the boundary of the disturbance as well as 
improve the accuracy of detecting small events.  
I also plan to include data from other sources to enhance the data availability 
when working in cloudy regions. Including additional data from high-resolution sensors 
such as Sentinel-2A and 2B may help improve the model for the ground surface, 
especially in extremely cloudy regions. Additional data from moderate-resolution sensors 
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such as the Visible Infrared Imaging Radiometer Suite (VIIRS) and Sentinel-3 increase 
the probability of having cloud free observations, which will improve the timing of the 
detection of the disturbance events. 
Finally, the Fusion2 system needs to be evaluated in more locations to test the 
performance of the system under different conditions. I also plan to implement the system 
for tropical countries to provide updated near real-time forest disturbance maps. The 
maps will be hosted online using open-source tools. 
2.5 Conclusions 
In this study, I presented a new Fusion2 near real-time monitoring algorithm for 
forest disturbance based on fusion of Landsat and MODIS data. The Fusion2 system aims 
to detect forest disturbance as early as possible with acceptable accuracy. I selected three 
study sites in the Amazon region to test the performance of the Fusion2 system. The 
results were validated using the assessment framework presented in Chapter 3. Accuracy 
assessment shows that the Fusion2 system can detect 44.4% of the forest disturbance in 
the study area within 82 days (13 clear observations) after the initial disturbance. The 
smallest event detected is 6.5 ha in size. The size of deforestation events has a significant 
effect on detection capabilities, and the availability of cloud-free observations is the 
primary factor determining the length of time required for detection. 
The fusion algorithm used in this system accounts for the day-to-day variation in 
the size and center location of MODIS observations. It is then possible to compare daily 
MODIS acquisition from both Terra and Aqua for change detection. The core of the 
algorithm is to predict observations at a high temporal frequency for a moderate spatial 
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resolution sensor like MODIS by building a model based on a time series of observations 
from a high-resolution sensor like Landsat. The same concept can be applied to other 
similar sensors such as the Sentinel satellites and VIIRS. 
I plan to continue improve the Fusion2 system in the directions articulated in 
Section 2.4.6. The goal is to build an automated operational monitoring system for 
tropical deforestation and produce near real-time change maps as a standard MODIS 
product. 
		
45 
Chapter 3: An assessment framework for near real-time monitoring systems 
3.1 Introduction 
Monitoring systems that provide alerts of forest disturbance events in near real-
time are important tools for reducing deforestation and associated carbon emissions a. 
The best monitoring tools at our disposal are Earth-observing satellites, preferably 
satellites that collect observations at high temporal resolution. While several satellite 
missions suitable for the aforementioned tasks have been launched, and several other 
missions are planned, the Moderate Resolution Imaging Spectroradiometer (MODIS) and 
Landsat missions with their global acquisition strategies, long time series, free data 
policies (Woodcock et al., 2008) and easy access form the basis of many near real-time 
monitoring systems.  
With the MODIS sensors providing a 16-year time series for each spot on Earth at 
a relatively high spatial resolution for daily global acquisitions, the remote sensing 
research community has made impressive and innovative use of the data for near real-
time change monitoring. Verbesselt et al. (2010) developed an algorithm named Breaks 
for Additive Season and Trend (BFAST) that operates on time series of Normalized 
Difference Vegetation Index (NDVI) for near real-time monitoring of ecosystem 
disturbances. BFAST is open source and has been used for several applications, including 
monitoring of drought-related vegetation disturbances in Somalia (Verbesselt et al., 2012) 
and deforestation in Bolivia (Dutrieux et al., 2015). Similar to BFAST, the Continuous 
Change Detection and Classification (CCDC) algorithm (Zhu et al., 2012; Zhu and 
Woodcock, 2014), developed for monitoring of land cover and land change using Landsat 
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data, was used by Xin et al. (2013) in a method that takes the high variance of 
consecutive MODIS observations into account by fusing the sensing scenarios of Landsat 
and MODIS for near real-time detection of forest disturbance. In Chapter 2, I refined this 
method for continuous monitoring of disturbance in tropical forests.  Bullock et al. (2018) 
developed a CCDC-based Near Real-time Continuous Change Detection and 
Classification (NRT-CCDC) algorithm of higher operational readiness using only 
MODIS data. Other MODIS-based applications for change detection were presented by 
Jin and Sader (2005) and Lunetta et al. (2006). Using Landsat instead of MODIS, Hansen 
et al. (2016) described an approach for the provision of deforestation alerts in Peru that 
was assessed using a rigorous statistical protocol.  
 The aforementioned methods were developed with the aim and potential of 
becoming part of countries’ forest monitoring systems, but several other near real-time 
systems are already operational. Deforestation Detection System in Real Time (DETER) 
is the near real-time deforestation detection system of Brazil that provides alerts to the 
Government agency responsible for deforestation surveillance. It was originally 
developed using MODIS data (Shimabukuro et al., 2007) but after a documented 
decrease in deforestation patch size, the system (DETER-B) is now run using data from 
the IRS-P6/AWIFS sensor at 53 m spatial resolution and 5-day temporal resolution 
(Diniz et al., 2015). DETER-C, aiming at a spatial resolution of 20-30 m using various 
satellite sensors, is in development (INPE, 2016). Terra-i, an operational system used by 
the Peruvian Government among others, provides monthly forest loss alerts for South 
America using MODIS 16-day NDVI composite data (MOD13Q1) and precipitation data 
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from Tropical Rainfall Measuring Mission (TRMM) (Reymondin et al., 2012).  
Given the increase in near real-time monitoring methods, it is important to assess 
their performance in terms of precision and accuracy. The remote sensing community has 
taken important steps to bridge the historical gap between statistical inference and 
geography/remote sensing by providing the rationale and guidance for design-based 
inference of parameters such as areal extent and map accuracy with confidence intervals 
(e.g. McRoberts, 2011; Stehman, 2013; Olofsson et al., 2014) which are being adapted 
and implemented by the remote sensing community (e.g. Griffiths et al., 2014; Sannier et 
al., 2014; Castilla, 2016; Hansen et al., 2016). Statistical inference, particularly for area 
estimation is essential in the context of the Reducing Emission from Deforestation and 
Forest Degradation (REDD) framework with the Intergovernmental Panel on Climate 
Change (IPCC) guidance stipulating that greenhouse gas inventories should be unbiased 
with known uncertainty (GFOI, 2016). However, in the context of near real-time 
monitoring of forest disturbance, this guidance is less relevant as area estimates are not 
the priority of near real-time monitoring. Instead, the assessment of the performance 
should focus on the characteristics (size, shape, nature, etc.) of the deforestation events 
detectable by the system, and the lag of the detection relative to the date of the forest 
disturbance.  
The lack of established protocols in this domain is evident by the diverging nature 
of the published assessments of the aforementioned systems, which include comparison 
of products to non-probability based samples of events (Xin et al., 2013); comparison to a 
stratified random sample at the scale of Landsat pixels (Dutrieux et al., 2015) for 
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construction of stratified estimators of accuracy (Hansen et al., 2016); comparison to 
other land change products based on both manual interpretation (Diniz et al., 2015) and 
unsupervised classification (Reymondin et al., 2012); and comparison of products to field 
plots (Coca-Castro et al., 2014). 
In this Chapter, I present a framework for assessing the performance of near real-
time products with a focus on the timing and the minimum detectable size of forest 
disturbance events while still relying on probability sampling and design-based inference. 
The performance of three different approaches to near real-time monitoring, representing 
three different levels of operational readiness, are assessed based on a sample of 
reference observations of deforestation events as well as areas of stable forest and non-
forest.   
3.2 Methodology 
3.2.1 Sampling Design 
The assessment framework is based on a stratified random sample. The study area 
was stratified by combining three disturbance alert maps for 2013, 2014 and 2015. The 
near-real time alerts maps were produced by Fusion2 (Chapter 2), NRT-CCDC (Bullock 
et al., 2018), and Terra-i (Reymondin et al., 2012). The two latter alert maps are at 250 m 
resolution. The map produced by Fusion2 is at 30 m resolution and was resampled to 250 
m using a majority rule to match the other two maps. 
The algorithms are described in Section 3.3. Five strata were created from the 
combination of these maps: (1) areas where all three products agree on the forest 
disturbance alert, (2) areas where two of the three products agree, (3) areas where only 
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one product flags forest disturbance, (4) areas of stable forest and (5) areas of stable non-
forest (based on NRT-CCDC and Fusion2). In addition, areas in the stable forest stratum 
where Landsat-based CCDC algorithm (NRT-CCDC is based on MODIS data) identified 
as forest disturbance were used as a sixth stratum. This sixth stratum was added to try to 
find errors of omitted forest disturbance which normally carry a large area weight, thus 
reducing precision in estimated accuracy measures (Olofsson et al., 2013) and which 
were deemed important for our understanding of the nature of the forest disturbance 
omitted by the assessed systems. To reduce the burden of collecting reference data, the 
sampling frame was defined as three Landsat paths and rows located in Brazil and 
Colombia (Figure 3.1).  
 
Figure 3.1: Map of the study area, red boxes indicate the location of three Landsat scenes selected for 
near real-time monitoring.  
The sample size was estimated using Equation 5.25 in Cochran (1977) (Equation 
3.1) by targeting estimation of the area flagged as forest disturbance by at least one of the 
three products (stratum 3): 
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𝑛 = H?WhShSL𝑃NOP Q2 										(3.1) 
where: S(𝑃N) is the target standard error the area proportion of stratum 1 (𝑃N), that I want 
to achieve; Wh is the mapped proportion of area of stratum h; and 𝑆P is the standard 
deviation of stratum h, which in this situation represents the number of observations of 
forest disturbance in each of the strata. The stratum size was mapped as being 1.5% of the 
study area and the target standard error was set 0.375% (i.e. assuming that 𝑃N = 1.5% and 
the goal is to achieve a 95% confidence interval of 0.75% representing a margin of error 
of 50%). This gave a total sample size of 778 units which were allocated to strata 
according to Olofsson et al. (2014), such that 75 units were allocated to smaller strata and 
the rest were split proportionally between the larger strata. Sample and population units 
were selected to correspond to 250 m MODIS pixels. Following these recommendations, 
a total of 765 MODIS pixels were selected from the sampling frame. The calculations of 
the sample size and allocation are presented in Table 3.1.  
Determining the sample size by targeting estimation of area may seem 
counterintuitive as area estimation is of lesser importance for the applications in question 
but estimating any across-strata parameter (e.g. overall accuracy, producer’s accuracy 
and area) would yield a similar sample size (Olofsson et al., 2014) allocation (Stehman, 
2012). A team of three experts analyzed all 765 sample units to provide reference labels; 
9 sample units were discarded due to lack of reference data of sufficient quality to 
determine the state of the land cover. A total of 200 disturbance pixels and 137 forest 
disturbance events were identified. 
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Table 3.1: Calculation of sample size and allocation using Equation 3.1. Total sample size to target 
the estimation of stratum 3 (areas where one product flags forest change) with confidence intervals of 
0.75% at 95% confidence level. Sample allocation (Good Practice (G. P.)) according to Olofsson et al. 
(2014) such that there is a minimum of 50-100 units in each stratum. 
Strata               
Stratum h Forest 1 Agree 2 Agree 3 Agree Non-forest Pot. Error Total 
Area [pixels] 1,321,404 27,366 7,361 2,734 437,275 12,270 1,808,410 
Area [ha] 7,091,271 146,859 39,503 14,672 2,346,622 65,847 9,704,772 𝑊P [%] 73% 1.51% 0.41% 0.15% 24% 0.68% 100% 𝑃P [%] 0.01 0.5 0 0 0.01 0.02   𝑆P  0.099 0.500 0 0 0.099 0.140   
S(𝑃N) [%]   0.38%           
        
Sample size, total             
n 778 
         
Sample size in strata             𝑛P (prop.) 568 12 3 1 188 5 778 𝑛P (equal) 130 130 130 130 130 130 778 𝒏𝒉 (G. P.) 349 75 75 75 116 75 765 
 
3.2.2 Response Design 
Each sample unit was examined by visual examination of Landsat images and 
time series of Landsat surface reflectance observations acquired between 1985 and 2016 
using a graphical interface (Holden, 2017b). In addition, previews of Landsat and 
MODIS images of each sample unit, and high-resolution imagery on Google Earth were 
also used to facilitate the identification of events. Three experts in our research group 
interpreted all 765 sample units. The interpreters reviewed each other’s reference labels, 
and group reviews were conducted when the confidence level was low.  
The interpreters first examined the reference data for change in land cover at 
sample locations during the study time period 2013-2015. If the land cover was identified 
as stable forest or non-forest, the interpreters recorded the reference class and confidence 
		
52 
level, and moved on to the next unit in the sample. In the case where a sample unit 
contained both forest and non-forest, the interpreter would decide the reference class by 
majority rule. If forest disturbance was identified in the sample unit or within a one-pixel 
buffer around the unit, the dates of the last pre-disturbance observation and first post-
disturbance observation from Landsat were identified. The sample unit was also 
examined by visual interpretation of MODIS imagery and time series of MODIS red or 
near-infrared surface reflectance at 250 m resolution to further determine the disturbance 
date. In addition, the date of complete clearing (usually associated with burning 
activities) of the disturbed area was also identified. Following determination of the 
disturbance date, the disturbance event was digitized in the Landsat data and saved as a 
vector layer.  
In addition to the procedures described above, the interpreters adhered to the 
following rules: 1) any forest disturbance within or around the unit that was visible in the 
Landsat images should be considered a disturbance event; 2) if part of the disturbance 
event had commenced earlier than in the sample unit, the recording of the dates was 
based on the disturbance in the sample unit (but the date of the initial disturbance was 
also recorded); 3) if a sample unit that was completely forested but near a disturbance 
event that occurred before 2012, the reference class was recorded as stable forest but the 
presence of disturbance nearby was noted; 4) change on the land surface identified on 
non-forested lands was not considered forest disturbance and the reference label provided 
was stable non-forest (see complete list of procedures, guidelines and rules here: 
https://github.com/xjtang/NRT_Validation/). 
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3.2.3 Event-based assessment 
The main objective of a near real-time monitoring system is to flag potential 
forest disturbance events close in time to when they occur, rather than providing area 
estimates of deforestation. If the goal was to estimate the area of forest disturbance, 
omitting parts of a large event may have a greater impact on the precision and accuracy 
of estimates compared to omitting several small events. But in the context of near real-
time monitoring, missing parts of a disturbance event is less of an issue because the event 
is still found. Another important aspect of near real-time monitoring is the timing of the 
alert and the lag of the disturbance flag relative to the date of the disturbance event. The 
assessment framework presented in this paper focuses on the performance of a 
monitoring system in terms of providing alerts of forest disturbance events including the 
timing of the alert. 
To characterize the timing performance of a system, a set of performance 
measures were introduced. First, the lag time (Li [days]) was defined as the number of 
days between the date of the reference disturbance event i as identified by the interpreters 
and date of the disturbance alert by the monitoring system. Secondly, the alert area 
percentage (Pi [%]) was defined as the percentage of the area of reference disturbance 
event i flagged as forest disturbance by the monitoring system. Calculating Pi as a 
function of Li can then be done by comparing consecutive disturbance alerts generated by 
the monitoring system for reference disturbance event i. Third, a detection threshold (𝑃U 
[%]) was defined as the area of reference event i that needed to be detected by the 
monitoring system to label the event as detected (i.e. event i is detected if 𝑃= ≥ 𝑃U) 
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(Equation 3.2). For each event i, one can calculate the value of 𝐿= that satisfies 𝑃=(𝐿=) ≥𝑃U. Finally, the detection rate (𝜌) of a monitoring system is defined as the number of 
events that were detected (𝑥=	as defined by the lag time 𝐿= required to reach the detection 
threshold, 𝑃U) divided by the total number of events (m) in the reference sample 
(Equation 3.3). 
𝑥=(𝐿=) = 	 X1		if		𝑃=(𝐿=) ≥ 𝑃U0		if		𝑃=(𝐿=) < 𝑃U ;	    (3.2) 𝜌(𝐿=) = 	 5\ ∑ 𝑥=(𝐿=)=                 (3.3) 
Figure 3.2 shows the calculation of 𝑥=(𝐿=) for a hypothetic disturbance event. 
Forest disturbance event i has occurred at a known date (𝐿= = 	0), and the detection 
threshold is set to 10% (i.e. 𝑃U = 10%). After 10 days, two pixels have flagged the event 
but the detected area of 8% of the event is below the specified threshold, which 
gives	𝑥=(10) = 	0. After an additional 10 days, another pixel has flagged the event 
increasing the detected area to 38%, which, because it is above the threshold, gives 𝑥=(20) = 	1. Thirty days after the event occurred, the detection area is almost complete.  
 
Figure 3.2: A forest disturbance event i outlined by the irregular-shaped polygon has occurred. As 
time passes, the event is increasingly detected by a near-real time monitoring system as indicted by 
the squares. The red area is the area of the event detected by the system. The event is determined as 
detected by the monitoring system at 𝑳𝒊 = 	𝟐𝟎 where 𝑷𝒊(𝟐𝟎) ≥ 𝑷𝒕. 
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In this manner, 𝑥=(𝐿=), 𝑖 = 1…𝑚,	is determined for the m events in the sample at 
various lag times, and 𝜌(𝐿=)	easily computed using Equation 3.3. In essence, the 
detection rate 𝜌 is the proportion of disturbance events in the reference dataset detected 
by the monitoring system at different lag times.  
To infer the actual accuracy of the alert map at any lag time, the stratification 
weights need to be taken into consideration. Therefore, forest disturbance maps were 
created at different lag times. At any specific lag time, each sample unit associated with a 
detected event was given a class of forest disturbance, while other sample units 
associated with non-detected events or no events were given a class of no disturbance. 
By cross-tabulating the reference and map labels, a confusion matrix was created and 
stratified estimators of the accuracy constructed for each stratum (Olofsson et al., 2013). 
In addition, alert accuracy (the producer’s accuracy of the forest disturbance class) was 
constructed using indicator functions as the strata were different from the map classes 
(Stehman, 2014). By analyzing the relationship between alert accuracy of the disturbance 
class and lag time, an alert-lag relationship curve is established that allows for 
assessment of the performance of the system in terms of both spatial and temporal 
detection.   
The alert-lag relationship curve is designed to assess how well the monitoring 
system detects disturbance events in near real-time. In essence, it is an estimation of the 
omission error. However, the event-based assessment is not applicable to the assessment 
of commission error because there is no real disturbance event on the ground in the area 
where commission error is found. Therefore, in addition to the alert-lag relationship 
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curve, a conventional pixel-based accuracy assessment of the final disturbance map was 
also conducted using methods suggested in Olofsson et al. (2013) and Stehman (2014).  
Another important aspect of the performance of a monitoring system is the area of 
the smallest detectable disturbance event (𝐴\=2). This parameter simply examines the 
detection rate for different sizes of events. Finding patches in the reference sample below 
the threshold of a system might be difficult though if stratifying by data from the system 
that is being assessed. It is therefore recommended to incorporate into the stratification 
information from higher resolution data that is more likely to capture potential omission 
errors. In this study, forest disturbance areas identified by applying the CCDC algorithm 
to Landsat data that were not detected by any of the assessed systems were included in 
the stratification (see Section 3.2.1) to increase the number of smaller events, and to 
stratify by areas that are likely to contain errors of omission. 
3.3 Three near real-time monitoring systems 
To demonstrate the performance of the assessment framework presented in this 
Chapter, forest disturbance alert maps and dates of alerts were generated for the study 
area (Figure 3.1) from three different algorithms developed for near real time monitoring 
of forest disturbance. All three algorithms use freely available remote sensing data 
(MODIS, Landsat, and TRMM) and represent different levels of computational 
complexity and operational readiness.   
3.3.1 Fusion2 
The Fusion2 (Chapter 2) system represents a lower level of operational readiness 
but is hypothesized to achieve faster and more accurate detection of forest disturbance. 
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The benefit of this approach is that it mitigates the inherent difficulty of using MODIS 
data for change detection that stems from the view angle effect (Tan et al., 2006) of 
MODIS observations toward the edge of the swath. The Fusion Approach can thus utilize 
all daily MODIS observations from both Terra and Aqua, and therefore theoretically 
detect forest disturbance faster.  
The lower operational readiness of Fusion2 is a consequence of the Landsat-based 
information required to predict the reflectance of the MODIS swath footprints. Data 
processing for a Landsat scene is computationally more intensive and covers much less 
area than a MODIS tile. But this requirement will be managed by national-scale efforts 
such Land Change Monitoring, Assessment, and Projection (LCMAP) which is currently 
being implemented across the United States (Zhu et al., 2016b) with plans underway for 
implementation in other countries. With a Landsat-based system in place for monitoring 
land cover and land conversions, Fusion2 would run “on top” of a LCMAP-like system 
for near real-time monitoring of forest disturbance. Fusion2 can also be implemented as a 
supplemental component to the NRT-CCDC approach, for intensified monitoring in areas 
known to exhibit high rates of forest disturbance. 
3.3.2 NRT-CCDC 
NRT-CCDC (Bullock et al., 2018) is a modification of the Continuous Change 
Detection and Classification (CCDC) algorithm (Zhu et al., 2012; Zhu and Woodcock, 
2014). To minimize the geometric effect of changing view angle and pixel size, only 
pixels with a view zenith angle (VZA) below 35 degrees were used in analysis. If 
multiple images were collected in the same area for the same day, a composite of 
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minimum view angle and minimum cloud contamination from the MODIS Quality 
Assurance (QA) band was created. 
NRT-CCDC flags forest disturbance using time series of NDVI. By limiting the 
analysis to a single band and without land cover classification, computation time is 
drastically reduced. An operational application of NRT-CCDC for forest disturbance 
monitoring is currently being implemented (http://bullocke.github.io/NRT/). This 
approach represents an intermediate level of operational readiness compared to Fusion2 
(less operational) and Terra-i (more operational). 
3.3.3 Terra-i 
Terra-i is a fully operational near-real time system for monitoring forest 
disturbance in Latin America (http://terra-i.org/). It is used by the Peruvian Government 
for this purpose (http://terra-i.org/terra-i/data/data-terra-i_peru). Terra-i is based on 
machine learning algorithms that use time series of MODIS 16-day NDVI composite data 
at 250 m resolution (MOD13Q1) and precipitation data from the TRMM daily rainfall 
product (Reymondin et al., 2012). It represents a higher level of operational readiness 
compared to NRT-CCDC and Fusion2. 
3.4 Results 
The results are based on the comparison of reference observations and the alert 
maps at sample locations. Figure 3.3 provides an example of the progression of a forest 
disturbance event and the associated alerts provided by the three algorithms. The event is 
large and expands over time and the final extent as determined by the interpreters is 
shown in the upper right corner of Figure 3.3. There is an obvious difference in the 
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performance of the three systems capturing the event and its progression, although all 
three algorithms eventually provide correct disturbance flags. In this case, Fusion2 and 
NRT-CCDC detect the event faster and Fusion2 detects the event almost simultaneously 
as the event expands. The results presented in this Section attempt to quantify and 
characterize these differences in performance. 
 
Figure 3.3: This Figure shows the area flagged as disturbance by Fusion2 (red), NRT-CCDC (blue), 
and Terra-i (orange) on 6 sequential dates with Landsat images (band 5, 4, 3 composite) in the 
background. The disturbance event delineated by our experts is shown in the top-right corner 
(purple).  The raw landsat images are shown across the top for reference of the land cover. Notice 
that all three algorithms find some part of the event, but the Fusion2 and NRT-CCDC find more of 
the event faster than Terra-i. 
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3.4.1 Event-based assessment of omission errors 
The alert area percentages (Pi) were calculated as a function of time for each 
disturbance event in the reference sample. Figure 3.4 shows the alert area percentage as a 
function of time for the event in Figure 3.3. A sharp rise in the detection percentage 
immediately after the start of the event (red line) is the ideal situation. For this particular 
event, Fusion2, which exploits the temporal resolution of daily MODIS observations and 
the spatial resolution of Landsat, achieves a higher alert area percentage faster than the 
other two algorithms. It is possible to achieve an alert percentage above zero before the 
date of the disturbance; this is usually caused by earlier adjacent disturbance events or, 
less likely, by commission errors of forest disturbance. 
Figure 3.5 shows the alert area percentage (Pi) as a function of lag time (𝐿=) for all 
disturbance events for all three algorithms. The lag time in this case is calculated as the 
number of days after the disturbance date as determined when examining the sample 
units (red vertical line in Figure 3.4). For the majority of events, there is at least one 
spike-and-flat pattern in the alert area percentage curve. The first spike in the alert area 
percentage, which usually occurs after the percentage has reached the 10% level, is a 
good indicator of detection of the corresponding event. Therefore, I used 10% as the 
detection threshold (𝑃U) in this study. 
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Figure 3.4: Alert percentage of the same disturbance event in Figure 3.3 through time from Fusion2 
(A), NRT-CCDC (B), and Terra-i (C). The red line marks the start of the event and blue line marks 
the complete clearing of the event according to reference dataset. Notice Fusion2 has a steeper initial 
spike comparing to the other two, and Terra-i detects no new disturbance area for this event after 
2014. 
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Figure 3.5: Alert area percentage of all events from Fusion2 (A), NRT-CCDC (B), and Terra-i (C) as 
a function of lag time. Notice most events have similar spike-and-flat patterns. 
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The detection rate (𝜌) as a function of lag time (𝐿=) using the 10% detection 
threshold (𝑃U) (Figure 3.6). Fusion2 and NRT-CCDC detects 63.5% of the disturbance 
events in 90 days and 121 days respectively after the initial disturbance, while Terra-i 
detects 46.7% of the disturbance events in 109 days. 
 
Figure 3.6: Detection rate as a function of lag time for Fusion2 (red), NRT-CCDC (blue), and Terra-i 
(green) with 10% detection threshold.  
To estimate the population statistics, the detection rate is combined with the 
stratification weights to calculate alert accuracy as a function of lag time to establish the 
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alert-lag relationship curve (Figure 3.7) using the method described in Section 3.2.3 for 
each of three algorithms. Fusion2 and NRT-CCDC exhibit similar alert-lag relationship 
curves, Fusion2 achieving a slightly timelier detection. Both curves eventually plateau at 
approximately 44.4% after about 82 days for Fusion2 and 126 days for NRT-CCDC, 
which indicates that to detect 44.4% of the disturbance in the study area, Fusion2 used 82 
days while NRT-CCDC used 126 days. Terra-i exhibits a similar pattern but plateaus at a 
detection percentage of about 26%. To detect 26% of the disturbance, Fusion2 used 23 
days, NRT-CCDC used 62 days, and Terra-i used 109 days. The accuracy depends on the 
lag time, and the relationship between the two variables (i.e. the alert-lag relationship) 
forms the basis of the performance assessment. Notice the confidence intervals are wide 
due to the small sample size, but the conclusion of the comparison is still valid. The 
difference in performance of Fusion2 and NRT-CCDC is not statistically significant, but 
the performance of Fusion2 is significantly better than Terra-i.  
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Figure 3.7: Alert-lag relationship curve with confidence intervals (dash lines and grey areas) of 
Fusion2 (red), NRT-CCDC (blue), and Terra-i (green) using 10% detection threshold. Notice Fusion2 
and NRT-CCDC have higher overall accuracy than Terra-i, and Fusion2 achieve the same accuracy 
faster than NRT-CCDC and Terra-i. The confidence intervals are very wide due to small sample size. 
In cloudy regions such as the study area, it can be months between clear 
observations. As a result, the lag time can be very large in days simply because there are 
not clear observations available. To better assess the temporal performance of the 
monitoring systems, the alert-lag relationship curve is calculated using the lag time in 
numbers of clear observations (Figure 3.8) for Fusion2 and NRT-CCDC (data were not 
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available for Terra-i). Notice that Fusion2 achieved 44.4% accuracy within 13 clear 
observations, and NRT-CCDC achieved similar accuracy using 20 clear observations.  
 
Figure 3.8: Alert-lag relationship curve of Fusion2 (red) and NRT-CCDC (blue) using lag time in 
number of clear observations. Alert-lag relationship curve of Fusion2 in number of days (grey) is also 
included for comparison. Notice the spike for the two curves in numbers of clear observations is 
much steeper than the curve in number of days.  
Of importance to these results is the detection threshold (𝑃U), which was set to 
10% based on the empirical results presented in Figure 3.5. To study the influence of the 
threshold on the results, the alert-lag relationship was computed with thresholds of 2.5%, 
5%, 10%, 20%, and 50% (Figure 3.9). The general patterns of the alert-lag relationship 
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remain the same for various thresholds, but, as expected, higher detection thresholds 
result in later detection spikes (longer lag times) and lower accuracy. In situations where 
a small disturbance event is adjacent to another event that occurred earlier, if the 
monitoring system overestimates the total area of the first event, the second event may be 
flagged as detected even before the event occurs when a very low detection threshold is 
used. After testing for different detection thresholds, I conclude that a 10% detection 
threshold is reasonable for assessing the performance of near real-time monitoring 
systems. 
 
Figure 3.9: Alert-lag relationship curve with 2.5% (red), 5% (purple), 10% (blue), 20% (black), and 
50% (green) detection threshold from Fusion2. The general patterns of the alert-lag relationship are 
the same. Higher detection thresholds result in longer lag times and lower accuracy.  
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3.4.2 Minimum detectable size 
In the context of near real-time monitoring, the area of minimum detectable 
disturbance events is a critical measure of performance. It affects the timing of the 
detection as forest disturbance events typically grow in size over time, and it typically 
determines whether the monitoring system will find the event or not (in addition to size, 
the magnitude of the change in spectral signature following disturbance, and the nature of 
nearby land covers will impact the detection). Figure 3.10 shows the detection rate curve 
broken down by the size of the events. Not surprisingly, all three algorithms detected 
considerably more large forest disturbance events (> three 250 m MODIS pixels) than 
small (≤ three 250 m MODIS pixels) events. There were seven events in the sample 
smaller than a MODIS 250 m pixel that were not found by any of the three monitoring 
systems. The smallest event detected by the three systems is 6.5 ha. 
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Figure 3.10: Detection rate from Fusion2 (A), NRT-CCDC (B), and Terra-i (C) grouped into three 
categories of event size: 0-3 MODIS 250 m pixels (green), 3-15 MODIS 250 m pixels (blue), and 
greater than 15 MODIS 250 m pixels (red). Notice all three system detects larger events better than 
smaller events. 
3.4.3 Pixel-based assessment of errors of commission 
A conventional error matrix and estimation of accuracy were also developed for 
all three algorithms (Table 3.2) to assess the errors of commission. The most important 
value here is the user’s accuracy for the disturbance class, which is the complement of the 
commission error in the disturbance class. The user’s accuracy of Fusion2, NRT-CCDC, 
		
70 
and Terra-i is 86.7%, 79.9%, and 33.5% respectively. In other words, the false alert rate 
for Fusion2, NRT-CCDC, and Terra-i is 13.3%, 20.1%, and 66.5% respectively.  
Table 3.2: Confusion matrix and estimation of accuracy for the three monitoring systems. The user’s 
accuracies of the disturbance class (highlighted) addresses the false detection rate of the three 
systems. 
Confusion Matrix (Unit: % Area) 
Fusion2 
Class Forest Disturbance Non-forest User's Accy. 
Forest 73.3 1.5 2.3 95.1 
Disturbance 0.005 0.8 0.1 86.7 
Non-forest 3.6 1.0 17.4 79.2 
Prod. Accy. 95.3 24.7 87.8 91.5 
     
NRT-CCDC 
Class Forest Disturbance Non-forest User's Accy. 
Forest 74.3 2.2 2.1 94.6 
Disturbance 0.1 0.8 0.1 79.9 
Non-forest 2.5 0.3 17.6 86.4 
Prod. Accy. 96.7 24.3 88.9 92.7 
     
Terra-i  
Class Stable Disturbance User's Accy.  
Stable 96.0 2.9 97.1  
Disturbance 0.7 0.4 33.5  
Prod. Accy. 99.2 11.2 96.4  
 
3.5 Discussion 
3.5.1 Selection of the study sites 
 The three study sites used in this analysis were selected to target areas with large 
amounts of recent deforestation activity and a range of monitoring conditions. The 
estimation of accuracies presented in this Chapter only reflects the performance of the 
three monitoring systems in these three sites, and does not statistically infer the 
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accuracies of the three systems in the entire Amazon Basin. However, the main purpose 
of this study is not to provide area estimation or absolute accuracy of any system, but 
rather to introduce a new assessment framework and compare the relative accuracies of 
the three systems.  
3.5.2 Response design issues 
At the heart of the presented framework for assessing the performance of a near-
real time monitoring system is the comparison of alert areas to reference observations at 
locations selected by probability sampling. The alert-lag relationship and the minimum 
detectable event size are all based on the reference dataset. In this study, time series of 
Landsat data were the main reference source used when providing the reference labels 
and delineating events in time and space at sample locations. Landsat data have a lower 
temporal resolution than the MODIS data used by the assessed monitoring systems. 
Although the interpreters used all available data and knowledge to determine the start of 
the reference events, the window of the disturbance date (as determined by the last 
useable pre-event and first post-event images) can vary from several weeks to several 
months due to the frequent presence of clouds in this area of the world (Asner, 2001). In 
theory, the actual date of the disturbance could be any day within this time window, but 
the interpreters used the later boundary of the window to calculate the lag time (i.e. the 
data for the disturbance event were based on the first image providing evidence of the 
event). The result is an underestimation of the lag time; which explains why there are 
alert detection spikes in Figure 3.5 close to or even slightly earlier than the 0-day lag 
time, especially from the Fusion2 algorithm. In some cases, visual interpretation of 
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MODIS imagery helped to pinpoint the disturbance date more precisely but visual 
interpretation of MODIS imagery is difficult and was only feasible for large and obvious 
disturbance events.  
The interpreters recorded the spatial extent of each disturbance event as a vector 
layer. Ideally they would draw the exact extent of continuously growing event at each 
phase of expansion to calculate the correct alert percentage and lag time. In reality this is 
nearly impossible. The extent of events was in many cases difficult to determine because 
of clouds and cloud shadows, and scan line gaps in Landst-7/ETM+ data; and in practice, 
the delineation of reference events was therefore mostly based on the end state of a 
disturbance event. As a result, the alert area percentages achieved by the monitoring 
systems are likely to be underestimated in the early stages of the disturbance, which will 
then overestimate the lag time, especially for large events. 
3.5.3 Factors that affects accuracy 
The availability of cloud free observations as input to a monitoring algorithm has 
a critical impact on the performance. During 2013, 2014 and 2015, out of 1,095 daily 
MODIS observations in the time series, there were on average 250 cloud free 
observations for the two Brazilian sites, while the corresponding number for the site in 
Colombia was about 100. As a result, the detection rate of events in the Colombian site is 
lower than at the other sites (Figure 3.11). The cloud free observations are also unevenly 
distributed in time, with almost all being acquired during the dry season. If a disturbance 
event occurred during the wet season, it will not be captured by the monitoring systems 
until observations become available during the dry season. Radar data could potentially 
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help but irregular acquisition plans and observation inconsistencies make the use of radar 
data for the topic in question problematic. Still, radar data collected at regular intervals 
with consistent polarization and acquisition mode for the tropics could strengthen 
systems for near real-time monitoring of forest disturbance during the tropical wet 
seasons.  
The magnitude in the spectral response of a disturbance event is another factor 
that influences the overall accuracy. Events that include forest degradation, thinning 
activities and selective logging are inherently more difficult to detect in near real-time. 
		
74 
 
Figure 3.11: Detection rate as a function of lag time for Fusion2 (A), NRT-CCDC (B), and Terra-i 
(C) grouped by the three study sites: Pará, Brazil (red), Rondônia, Brazil (blue), and Colombia 
(green). No events were detected by Terra-i in the Colombia site. Notice the performances of the 
three systems in the two Brazilian sites are much better than in the Colombia site. 
3.5.4 Comparison of the three systems 
Judging from the observed alert-lag relationship, Fusion2 and NRT-CCDC 
exhibited similar performance (see Figure 3.7). The alert-lag relationship curve for 
Fusion2 was slightly to the left of that of NRT-CCDC, which indicates that Fusion2 
detects forest disturbance faster than NRT-CCDC. This result was expected as Fusion2 
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uses unfiltered daily MODIS observation while NRT-CCDC filters the input data by view 
angle. Hence, Fusion2 utilized more data than NRT-CCDC. The operational Terra-i 
system underperformed compared to NRT-CCDC and Fusion2. However, Terra-i is 
considerably more operational though and can be easily incorporated into a tropical forest 
monitoring system at minimal cost. This result for Terra-i is an important, albeit 
unsurprising, finding of this study: the higher the accuracy of the detection system, the 
higher the cost of implementation. An important step moving forward is to make the 
NRT-CCDC and Fusion2 more operational over larger areas such that the results can be 
ingested into national forest monitoring systems with ease. Comparing these two 
algorithms, the key advantage of NRT-CCDC is higher operational readiness. Fusion2 is 
not operational for monitoring over larger areas (such as Amazon Basin) due to its 
computational intensity. NRT-CCDC, on the other hand, makes use of MODIS data 
solely and a prototype is currently continuously running across two MODIS tiles in the 
Amazon. The map and disturbance alerts is updated daily and hosted at 
http://bullocke.github.io/NRT/.  
3.6 Conclusion 
In this chapter, I present an assessment framework based on probability sampling 
and design-based inference for assessing the performance of near real-time monitoring 
systems. The importance of accuracy in combination with the lag of detection relative to 
the date of the disturbance event requires measures other than traditional accuracy 
measures. Further complicating the issue is the notion that the entire area of the event 
does not need to be detected; detecting 10-20% or so of an event should be considered a 
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successful detection. Therefore, a key conclusion of the study is that the alert-lag 
relationship curve of the near-real time monitoring system and disturbance events 
selected by probability sampling provides an informative assessment of performance of a 
near-real time monitoring system. The availability of a new approach for quantifying the 
performance of a near real-time monitoring system does not imply that estimates of 
conventional accuracy metrics should be omitted from an analysis of performance. On 
the contrary, we recommend that such measures should be estimated in addition to the 
alert-lag relationship as commission and overall error are of still relevance.  
We applied the suggested assessment framework to evaluation of three near real-
time monitoring systems representing different levels of computational complexity and 
operational readiness: Terra-i, NRT-CCDC, and Fusion2 (ranked in order of high to low 
operational readiness). Fusion2 and NRT-CCDC achieved maximum accuracy of 44.4% 
after 82 and 126 days respectively, while the maximum accuracy of Terra-i is 26.8%. To 
achieve 26% accuracy, Fusion2 required 23 days, NRT-CCDC used 62 days, and Terra-i 
used 109 days. In a comparison using the number of clear observations, Fusion2 achieved 
44.4% accuracy within 13 clear observations, and NRT-CCDC achieved similar accuracy 
using 20 clear observations. In terms of event size, all three systems show better 
performance in detecting larger events comparing to smaller events. The smallest event 
detected by the three systems is 6.5 ha. Conventional pixel-based accuracy assessment 
shows that the user’s accuracy of the disturbance class for Fusion2, NRT-CCDC, and 
Terra-i is 86.7%, 79.9%, and 33.5% respectively. 
The two more complex systems, Fusion2 and NRT-CCDC are consistently more 
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reliable than the operational Terra-i system. The higher the accuracy of the detection 
system, the higher the cost of implementation. The key step moving forward is to make 
the NRT-CCDC and Fusion2 more operational over larger areas. 
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Chapter 4: Comparison of MODIS and VIIRS data for near real-time monitoring of 
forest disturbance 
4.1 Introduction 
 Near real-time monitoring of forest disturbance provides critical information for 
helping eliminate illegal logging and reduce tropical deforestation (Shimabukuro et al., 
2007; Verbesselt et al., 2012; Xin et al., 2013; Hansen et al., 2016). Remote sensing has 
been proven to be the best tool for monitoring land cover and land use dynamics (e.g. 
Gopal et al., 1999; Hansen et al., 2000; Latifovic et al., 2004; Schneider et al., 2009; 
Cohen et al., 2010; Sulla-Menashe et al., 2011; Potapov et al., 2012). Landsat and 
MODIS are the most popular sources of data (e.g. Friedl et al., 2002; Lunetta et al., 2006; 
Hilker et al., 2009; García-Mora et al., 2012; Hansen and Loveland, 2012) thanks to the 
free data policy (Woodcock et al., 2008).  
 In cloudy places such as the Amazon Basin, near real-time monitoring of forest 
disturbance using remote sensing data from single satellite is very difficult due to Landsat 
not collecting data frequent enough (Ju and Roy, 2008), and the view angle effect of 
MODIS (Tan et al., 2006). In Chapter 1, I presented a new fusion approach (Fusion2) for 
near real-time monitoring of tropical forest disturbance combining the higher spatial 
detail from Landsat and the high temporal frequency of MODIS observations. 
Comparison study (Chapter 3) shows that Fusion2 detects forest disturbance events faster 
and more accurately than existing MODIS-based methods.  
 Operational near real-time monitoring requires routine monitoring over very large 
areas (e.g. the entire Amazon Basin). To implement Fusion2, the processing of historical 
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Landsat data is required. Data processing for one Landsat scene requires on the order of 
terabytes (TB). A single Landsat scene covers an area of approximately 170 km by 183 
km. It takes approximately 195 scenes to cover most of the Amazon Basin (Figure 4.1 A). 
Hence, operational monitoring using high-resolution data is computationally difficult at 
this time.  
 
Figure 4.1: MODIS tiles (red) and Landsat Worldwide Reference System (WRS-2) scenes over the 
Amazon Basin. To cover the entire Amazon Basin, approximately 195 Landsat scenes are needed, 
while only 8 MODIS tiles are needed. 
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 Coarse-resolution sensors such as MODIS cover a much larger area than Landsat 
(approximately 1200 by 1200 km per tile). The Amazon Basin is covered by only eight 
MODIS tiles (Figure 4.1 B). Hence, it is more feasible to monitor large areas using data 
from coarse-resolution sensors. Bullock et al. (2018) modified the Continuous Change 
Detection and Classification (CCDC) model (Zhu and Woodcock, 2014) to use MODIS 
daily surface reflectance data and developed an operational-ready Near Real-time 
Continuous Change Detection and Classification (NRT-CCDC) system. NRT-CCDC 
combines MODIS data from both Terra and Aqua with filtering of view zenith angle 
(VZA) to reduce view angle effects while still utilizing the dense time series of MODIS 
daily observation.  
 The Visible Infrared Imaging Radiometer Suite (VIIRS) collects data at 375 m 
resolution in five spectral bands. The data are processed to produce 500 m surface 
reflectance products using the same grid as MODIS 500 m products. Since the original 
launch in October 2011, VIIRS has been continuously acquiring daily observations of the 
Earth for six years, which produces enough data for time series analysis. A suite of data 
products has just been released or will be released very soon (Justice et al., 2013). The 
VIIRS sensor was originally designed to continue the legacy of MODIS for land science. 
The VIIRS sensor also has a special design to reduce the view angle effect (NOAA, 
2013). It is then important to evaluate if VIIRS can deliver the same level of performance 
as MODIS in near real-time monitoring of forest disturbance. 
 In this study, I modified Bullock et al.’s NRT-CCDC to use daily surface 
reflectance data from VIIRS. The performance of NRT-CCDC using VIIRS daily surface 
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reflectance data (VNP09GA) is compared to using MODIS Terra 250 m (MOD09GQ) 
and 500 m (MOD09GA) daily surface reflectance data, MODIS Aqua 250 m 
(MYD09GQ) and 500 m (MYD09GA) daily surface reflectance data, and combined 
MODIS Terra and Aqua data. The main objective of this study is to answer the following 
research questions: 1) can VIIRS, as the successor of MODIS, provide near real-time 
monitoring results comparable to MODIS; and 2) what are the key elements in the design 
of the sensor that promote near real-time monitoring? 
4.2 Methodology 
4.2.1 Data and study area 
4.2.1.1 Study Area 
 Two MODIS / VIIRS tiles (h12v9 and h11v9) in the Brazilian Amazon Basin that 
covers parts of the States of Amazonas, Mato Grosso, Pará, and Rondônia (Figure 4.2) 
were selected as the study area. Both tiles have recent deforestation activities. The 
beginning of 2013 to the end of 2015 was selected as the study period to match the time 
of the reference dataset collected in Chapter 3. 
4.2.1.2 VIIRS Data 
I download all available VIIRS 500 m Daily Surface Reflectance (VNP09GA) 
data from the beginning of 2012 to the end of 2016 from the Level 1 and Atmosphere 
Archive and Distribution System (LAADS) website (https://ladsweb.nascom.nasa.gov/). 
A total of 3601 images were downloaded and processed. Preprocessing steps include: 
extracting selected bands from the original Hierarchical Data Format (HDF) file; creating 
a mask band from the original Quality Flags (QF) bands; mask all observations collected 
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with VZA larger than 35 degrees; and calculating the Normalized Difference Vegetation 
Index (NDVI) from the original spectral bands. 
4.2.1.3 MODIS Data 
 All available Collection 6 MODIS 250 m and 500 m Daily Surface Reflectance 
data from both Terra (MOD09GA and MOD09GQ) and Aqua (MYD09GA and 
MYD09GQ) for the same period as the VIIRS data were download and processed (a total 
of 14455 images). Any observation collected with VZA large than 35 degrees was 
removed. Following the same compositing procedure as Bullock et al. (2018), I made 
composite images to combine good observations from Terra and Aqua at 250 m 
resolution. When there are two good observations (from two operational MODIS sensors) 
available for the same day, the observation with the lower VZA is selected as the 
observation for the day. A total of 3572 composite images were made.  
 
Figure 4.2: Study area of this study includes 2 MODIS tiles (h11v9 and h12v9) over the Amazon 
Basin. 
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4.2.2 Change Detection 
 NRT-CCDC uses the CCDC algorithm to perform change detection in this study. 
The CCDC model is originally design to detect change using Landsat data. Several 
modifications were made to accommodate near real-time monitoring with coarse-
resolution data: 
First, the CCDC model uses multiple consecutive observation to confirm the 
change in the time series of observations. The change date is determined as the date of 
the first observation that shows a sign of land cover change. For near real-time 
monitoring, the date when the model confirms the change (date of detection) is more 
important than the date when the change occurred (date of change), as the date of 
detection is when the near real-time monitoring system can alert the user that a 
disturbance event has happened. Therefore, the model was modified to record the date of 
detection (the last in the consecutive observations for confirming a change) instead of the 
date of change (the first of the connective observations). 
Second, after a change is detected in a time series, the CCDC model waits for 
enough new observations before estimating a new model. The purpose of this step is to 
avoid confusion during the transition period between two stable land covers. The default 
retraining time for CCDC based on Landsat data is 365 days. This approach is workable 
if the purpose of the model is to understand historical land cover dynamics. For the 
purpose of near real-time monitoring, it is better if the model can determine if the post-
disturbance class is truly non-forest quickly in order to confirm the change detection 
results. Therefore, a new model is fit after 60 days in this study. 
		
84 
 A different set of parameters for the model was tested to optimize the results. 
Given the high density of the time series using daily observations, I found that using a 
change detection threshold of 3.5 and five consecutive observations produces a good 
balance between the number of events being detected and the amount of commission 
error. 
4.2.3 Classification of time series segments 
The CCDC model uses Random Forest (Breiman, 2001) to classify the 
coefficients of each model for each time series segments to determine the land cover class 
of the segment. This process requires the collection of training data. Operational near 
real-time monitoring requires routine updating of the results to include newly acquired 
images. The updating process needs to be automated and computationally efficient. 
Therefore, the NRT-CCDC monitoring system uses simple thresholds to determine 
whether a time series segment is forest or non-forest. An average NDVI value higher than 
0.8, an amplitude lower than 0.1, and a slope lower than 0.066 per year is used to find 
time segments of forest, while any segments that do not meet these criteria are classified 
as non-forest. Pixels that transition from forest to non-forest are then classified as 
disturbance. If CCDC detects a break near the end of the time series and no new model 
has been given for the remaining time series segment, the pixel is classified as possible 
disturbance. 
The original NRT-CCDC developed by Bullock et al. (2018) uses slightly 
different parameters for CCDC and thresholds for classification. To ensure an accurate 
comparison between monitoring performance using MODIS Combined 250 m, MODIS 
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Terra 250 m and 500 m, MODIS Aqua 250 m and 500 m, and VIIRS 500 m data, the 
exact same methods and parameters were applied to all six datasets. 
4.3 Results 
4.3.1 Detection of forest disturbance 
 Figure 4.3 shows examples of time series of MODIS Combined 250 m, MODIS 
Terra 250 m and 500 m, MODIS Aqua 250 m and 500 m, and VIIRS 500 m data for a 
stable forest pixel (A), a stable non-forest pixel (B), and a forest disturbance pixel (C). 
Most forests in this area are evergreen forests. There is very little seasonality in the time 
series of the stable forest pixels. The time series of MODIS Terra data is denser than 
MODIS Aqua data resulting from the afternoon overpass (Aqua) having consistently 
more clouds than the morning overpass (Terra) in this region. The model using MODIS 
Aqua 500m data missed the disturbance in the example shown in Figure 4.3 C due to the 
lack of cloud free observations. VIIRS has the same afternoon overpass time as MODIS 
Aqua. However, time series of VIIRS data has more observations than MODIS Aqua but 
less than MODIS Terra. This result is probably due to more accurate and less aggressive 
cloud masking of VIIRS data. Time series of MODIS Combined data have the most 
cloud free observations, the majority of which come from MODIS Terra.  
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Figure 4.3: Time series of NDVI from MODIS Combined 250 m, MODIS Terra 250 m and 500 m, 
MODIS Aqua 250 m and 500 m, and VIIRS 500m data of a stable forest pixel (A), a stable non-forest 
pixel (B), and a forest disturbance pixel (C). The model fits from the modified CCDC model are 
shown as colored lines. The red dots are the breaks detected by the model. Notice that MODIS Terra 
data have a lot more cloud free observations than MODIS Aqua data. VIIRS data have more 
observations than MODIS Aqua, but less than MODIS Terra. The model using MODIS Aqua 500 m 
data missed the disturbance in (C).  
Figure 4.4 shows examples of forest disturbance events detected by NRT-CCDC 
using the six different datasets. Figure 4.4 A shows a medium sized event where MODIS 
Combined 250 m and MODIS Terra detected the event faster than VIIRS 500 m. MODIS 
Aqua missed most of the event. Figure 4.4 B shows a small event where the two MODIS 
250 m results are better spatially, and MODIS Aqua completely missed the event. Figure 
		
92 
4.4 C shows a series of three small events where the MODIS Combined and MODIS 
Terra results outperforming the VIIRS and MODIS Aqua results. MODIS Aqua finds the 
event very late. Figure 4.4 E shows an area with many disturbance activities where the 
performance of are similar except MODIS Aqua. 
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Figure 4.4: Examples of forest disturbance events and the results from the monitoring system using 
VIIRS, MODIS 250 m, and MODIS 500 m data. The top row of each subfigure shows a set of 
Landsat images (band 5, 4, 3 composite) for reference of the land cover, followed by six rows showing 
the results. The dates of the Landsat image are labeled on top of each image. In each image of the 
results, the area detected by the model using corresponding dataset up to the date of the Landsat 
image is highlighted in red. Notice MODIS Combined, MODIS Terra, and VIIRS results are 
consistently better than MODIS Aqua. 
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4.3.2 Accuracy Assessment 
 The assessment framework and reference dataset developed in Chapter 3 is used 
to assess the accuracy of the alert maps in this study. Figure 4.5 shows the detection rate 
as a function of lag time in number of days after the initial disturbance for NRT-CCDC 
using MODIS Combined 250 m, MODIS Terra 250 m and 500 m, MODIS Aqua 250 m 
and 500 m, and VIIRS 500 m data. The two Aqua results have much lower detection rate 
and longer lag time to start detecting disturbance events. This result is because of the lack 
of clear observations (as we observed in Figure 4.3) due to the combination of cloudier 
afternoon overpass and the screening of large view angle. The two results using MODIS 
Combined 250 m and MODIS Terra 250 m data consistently outperform the results using 
500 m data from MODIS Terra and VIIRS indicating that higher spatial resolution is a 
key to near real-time monitoring. The result using VIIRS 500 m data is better than 
MODIS Aqua but not as good as MODIS Terra 500 m data. This result is expected as 
VIIRS has fewer observations than MODIS Terra due to its afternoon overpass, but more 
observations than MODIS Aqua due to less aggressive cloud masking.  
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Figure 4.5: Detection rate as a function of lag time in number of days of NRT-CCDC using MODIS 
Combined 250 m (red), MODIS Terra 250 m (blue) and 500 m (green), MODIS Aqua 250 m (black) 
and 500 m (purple), and VIIRS 500 m (cyan) data. Notice the two Aqua results underperform due to 
the lack of clear observation. The two results using MODIS Combined 250 m and MODIS Terra 250 
m data consistently outperform the results using 500 m data from MODIS Terra and VIIRS.  
 Figure 4.6 shows the alert accuracy (corrected by stratification weight) lag time in 
number of days for the six datasets. The pattern in general is the same as the detection 
rate curves, except the sharp rise caused by a few disturbance events carrying large 
stratification weights. The confidence intervals are wide due to the small sample size. 
The result using MODIS Combined 250 m data is significantly better than VIIRS data 
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between 50-80 days of lag time. The results using MODIS combined, MODIS Terra, and 
VIIRS data are significantly better than the two results using MODIS Aqua data.  
 
Figure 4.6: Alert accuracy as a function of lag time in number of days (Alert-lag relationship curve) 
of NRT-CCDC using MODIS Combined 250 m (red), MODIS Terra 250 m (blue) and 500 m (green), 
MODIS Aqua 250 m (black) and 500 m (purple), and VIIRS 500 m (cyan) data. Confidence intervals 
are highlighted in grey and bounded by dash lines. Notice the sharp rise caused by a few disturbance 
events carrying large stratification weight. The confidence intervals are wide due to the small sample 
size. 
Figure 4.7 shows the detection rate as a function of lag time in number of clear 
observations for the six datasets. Performance of MODIS Aqua data is better in number 
of clear observations than in number of days, as the density of observation is less of a 
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problem when measured by number of clear observations. Performance of VIIRS 500 m 
data improved when measured in number of observations rather than number of days. 
 
Figure 4.7: Detection rate as a function of lag time in number of clear observations of NRT-CCDC 
using MODIS Combined 250 m (red), MODIS Terra 250 m (blue) and 500 m (green), MODIS Aqua 
250 m (black) and 500 m (purple), and VIIRS 500 m (cyan) data. Notice the MODIS Aqua 250 m is 
better in number of observations than in number of days (Figure 4.5). 
Table 4.1 shows the confusion matrix for the six different sensor scenarios. NRT-
CCDC using MODIS Combined 250 m and MODIS Terra 500 m data have 90.8% and 
90.5% user’s accuracy respectively. The user’s accuracy of the two Aqua results are also 
very high. However, it is worth noting that the two Aqua results detect the lowest overall 
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disturbance area among the six approaches. The results using VIIRS 500 m and MODIS 
Terra 250 m data have relatively lower user’s accuracy, 63.5% and 77.3% respectively, 
mostly due to two misclassified pixels with very large stratification weights. 
Table 4.1: Confusion matrices show the percentage of the area in each class of the disturbance maps 
and reference dataset, and the accuracies of the disturbance maps created using VIIRS 500m, 
MODIS Combined 250 m, MODIS Terra 250 m and 500 m, MODIS Aqua 250 m and 500 m data. 
Confusion Matrix (Unit: % Area)       
VIIRS 500 m  MODIS Combine 250 m 
Class Forest 
Distur
bance 
Non-
forest 
User's 
Accy.  Class Forest 
Distur
bance 
Non-
forest 
User's 
Accy. 
Forest 67.4 2.1 2.0 94.3  Forest 69.9 2.1 0.7 96.1 
Disturbance 0.4 0.7 0.05 63.5  Disturbance 0.08 2.1 0.1 90.8 
Non-forest 5.4 1.8 20.2 73.9  Non-forest 3.2 0.4 21.4 85.7 
Prod. Accy. 92.1 16.1 90.9 88.4  Prod. Accy. 95.5 46.1 96.1 93.4 
           
MODIS Terra 250 m  MODIS Terra 500 m 
Class Forest 
Distur
bance 
Non-
forest 
User's 
Accy.  Class Forest 
Distur
bance 
Non-
forest 
User's 
Accy. 
Forest 69.6 2.5 0.7 95.6  Forest 67.7 2.3 1.7 94.4 
Disturbance 0.3 1.6 0.1 77.3  Disturbance 0.01 0.9 0.1 90.5 
Non-forest 3.3 0.5 21.3 85.1  Non-forest 5.5 1.4 20.5 75.0 
Prod. Accy. 95.1 35.2 96.0 92.6  Prod. Accy. 92.5 19.9 92.1 89.1 
           
MODIS Aqua 250 m  MODIS Aqua 500 m 
Class Forest 
Distur
bance 
Non-
forest 
User's 
Accy.  Class Forest 
Distur
bance 
Non-
forest 
User's 
Accy. 
Forest 69.9 2.6 1.0 95.1  Forest 67.7 2.7 1.4 94.2 
Disturbance 0.03 0.5 0.01 91.0  Disturbance 0 0.3 0 100.0 
Non-forest 3.2 1.5 21.2 81.6  Non-forest 5.5 1.6 20.8 74.7 
Prod. Accy. 95.6 10.2 95.2 91.6  Prod. Accy. 92.5 6.7 93.6 88.8 
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4.4 Discussion 
4.4.1 Comparison of near real-time monitoring using the six different datasets 
 NRT-CCDC using 250 m MODIS data consistently delivers better performance 
than using other 500 m datasets. Clearly, higher spatial resolution is one of the 
determining factors of higher change detection accuracy.  
The number of cloud-free observation is the key to faster detection of forest 
disturbance. MODIS Terra data, with an overpass time in the morning, have a 
significantly larger number of cloud free observations compared to MODIS Aqua and 
VIIRS, which have an afternoon overpass time. Therefore, results using MODIS Aqua 
data have a significantly lower detection rate compared to the other datasets. VIIRS data, 
on the other hand, benefits from the improvement in sensor design to reduce the view 
angle effect and less aggressive cloud masking. As a result, VIIRS 500 m data delivers 
better results than MODIS Aqua, but slightly underperforms MODIS Terra 500 m data. 
High user’s accuracy (or a low false detection rate) is also essential for 
operational near real-time monitoring. Valuable resources would be wasted to investigate 
non-existing disturbance events if using forest disturbance maps with low user’s 
accuracy. Results from the 250 m datasets have higher user’s accuracy than results from 
500 m datasets. The result using VIIRS 500 m data have the lowest user’s accuracy. 
However, it is worth noting that the assessment of user’s accuracy may be skewed by the 
stratification. Visual interpretation of the maps shows that the false alert rate of all results 
is minimal.  
Among the six different datasets, near real-time monitoring using MODIS 
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Combined 250 m data produces the best performance in terms of both accuracy and 
timing of detection. The results for the time series of combined Terra and Aqua 
observations is better than either sensor by itself. Therefore, I recommend continued use 
of MODIS Combined 250 m data with screening of view angle as the primary dataset for 
operational near real-time monitoring.   
4.4.2 Additional spectral bands at 500 m resolution 
In this comparison study, NDVI is used as the metric for change detection. The 
reason is that only red and near infrared (NIR) bands are available from MODIS at 250 m 
resolution. Therefore, NDVI (derived from the red and NIR bands) is used for all 6 
datasets so that the same method and set of model parameters can be applied. Additional, 
short wave infrared (SWIR) bands are available from both MODIS and VIIRS at 500 m 
resolution. Including data from a SWIR band may increase the accuracy of detecting 
forest disturbance events using 500 m data. Although one of the SWIR bands (Band 6) of 
MODIS Aqua has nonfunctional detector, the SWIR bands of VIIRS and MODIS Terra 
are working well. Clearly, a more thorough comparison to include the SWIR band is 
needed and different sets of model parameters need to be tested to fully explore the 
capacity of near real-time monitoring using 500 m data. However, based on empirical 
evidence found by Xin et al. (2013) and Bullock et al. (2018), I believe the benefit of 
higher spatial resolution surpasses the benefit of extra data from SWIR bands.  
4.4.3 Future Improvements   
 The study presented in this chapter is the first attempt of operational-ready near 
real-time monitoring of forest disturbance using VIIRS daily surface reflectance data. 
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Although currently NRT-CCDC using MODIS 250 m data detects disturbance events 
faster and more accurately than using VIIRS 500 m data, several improvements can be 
made to produce comparable performances. Including SWIR bands for the 500 m 
datasets may improve the performance. A second VIIRS sensor is schedule to launch 
later in November 2017 onboard the Joint Polar Satellite System (JPSS-1) satellite. In the 
near future, having two operational VIIRS sensors in orbit can provide a much denser 
time series of observation and therefore improve the temporal performance of NRT-
CCDC. Additionally, integrating the newly release VIIRS daily swath observations 
(VNP09) with the Fusion2 approach developed in Chapter 2 may further support the 
value of Fusion2 as the fastest in detecting forest disturbance events among the three near 
real-time systems selected for comparison in Chapter 3. 
4.5 Conclusions 
 In this study, I modified Bullock et al.’s NRT-CCDC model to use the VIIRS 500 
m daily surface reflectance product. A comparison of NRT-CCDC using MODIS 
Combined 250 m, MODIS Terra 250 m and 500 m, MODIS Aqua 250 m and 500 m, and 
VIIRS 500 m data shows that using MODIS Combined 250 m data produces the most 
accurate and the fastest detection of disturbance. NRT-CCDC using the MODIS 
Combined 250 m and MODIS Terra 250 m data consistently outperforms the results 
using the other four datasets, achieving 59.7% and 56.3% detection rate at 100 days lag 
time, respectively. MODIS Terra 500 m data delivered slightly better performance than 
VIIRS 500 m data, with 47.9% and 36.1% detection rates respectively at 100 days lag 
time. The results using the two MODIS Aqua datasets has the lowest detection rate of 
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8.4% and 5.9% at 100 days lag time due to the lack of cloud free observations. 
The main conclusion of this study is that higher spatial resolution helps increase 
the overall alert accuracy and the availability of cloud free observations determines how 
fast the model can detect forest disturbance. I recommend continued use of MODIS 
Combined 250 m data with screening for view angle as the primary dataset for 
operational near real-time monitoring. Moving forward, with new VIIRS sensor prepared 
for launching and new VIIRS product released, I expect a significant increase in the 
performance of NRT-CCDC using VIIRS data. As MODIS continues to march toward 
the end of its time in orbit, now is the time to embrace the new era of coarse-resolution 
imaging using VIIRS. 
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Chapter 5: Concluding remarks 
5.1 Key Findings 
This dissertation provides a multi-sensor remote sensing solution for near real-
time monitoring of tropical forest disturbance, including development of a new method 
(Fusion2) based on fusion of Landsat and Moderate Resolution Imaging 
Spectroradiometer (MODIS) (Chapter 2); development of new assessment framework 
addressing the priority of near real-time monitoring (Chapter 3); and comparison of 
MODIS and Visible Infrared Imaging Radiometer Suite (VIIRS) data for operational-
ready near real-time monitoring. The key findings of this dissertation can be summarized 
as follows: 
The new Fusion2 methods using Landsat model to predict MODIS swath 
observation can minimize the view angle effect and therefore utilize daily MODIS 
observations for change detection. Change detection based on a time series of residuals 
allows Fusion2 to monitor forest disturbance events as they occur automatically and 
continuously. Results of three test sites in the Amazon Basin show that Fusion2 can 
detect 44.4% of the disturbance within 13 clear observations (or 82 days) after the initial 
disturbance. The smallest event detected by Fusion2 is 6.5 ha in size. 
A newly developed assessment framework for near real-time products focuses on 
the timing and the minimum detectable size of disturbance events. Using the concept of 
an alert-lag relationship curve, the new framework reveals the relationship between 
change detection accuracy and the time needed to achieve such accuracy. A comparison 
study of three near real-time systems including Fusion2, Near Real-time Continuous 
		
107 
Change Detection and Classification (NRT-CCDC) (Bullock et al., 2018), and Terra-i 
(Reymondin et al., 2012) shows that Fusion2 provides the fastest and most accurate 
detection of forest disturbance events. 
A comparison of MODIS and VIIRS data for near real-time monitoring of forest 
disturbance shows that NRT-CCDC using the MODIS Combined 250 m and MODIS 
Terra 250 m data consistently outperforms the results using the other datasets. MODIS 
Terra 500 m data delivered slightly better performance than VIIRS 500 m data. The 
results using the two MODIS Aqua datasets has the lowest detection due to the lack of 
cloud free observations. Higher spatial resolution helps increase the overall alert accuracy 
and the availability of cloud free observations determines how fast the model can detect 
forest disturbance.  
 Overall, the findings in this dissertation provide an important methodological 
foundation for operational near real-time monitoring of tropical forest disturbance.  
5.2 Future Improvements 
 The three studies presented here focus on different aspects of near real-time 
monitoring. There are several ways to integrate and improve the methods developed in 
this dissertation to provide better near real-time monitoring of tropical forest disturbance.  
5.2.1 Fusion of MODIS and VIIRS 
 A comparison shows that currently, using MODIS with higher spatial and 
temporal resolution produces better near real-time monitoring performance than using 
VIIRS. MODIS sensors have been operating consistently for more than 15 years with a 
designed life of only 6 years. It is foreseeable that MODIS will no longer be able to 
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consistently provide quality data in the near future. On the other hand, a second VIIRS 
sensor has been delivered and is scheduled to be launched on Joint Polar Satellite System 
(JPSS-1) satellite in November 2017. It is obvious that with the coming changes in 
portfolios of operational sensors in the space, there is the need to revisit the comparison 
and even include the fusion of MODIS and VIIRS data to provide optimal temporal 
resolution.  
5.2.2 Integrate Fusion2 with operational-ready monitoring systems 
 Fusion2 can provide faster and more accurate monitoring than the more 
operational-ready NRT-CCDC. However due to the computational complexity of 
processing high-resolution Landsat data and data fusion, it is not suitable for continuous 
monitoring over large areas unless there are already Landsat-based CCDC results in place 
(such as the Land Change Monitoring Assessment, and Projection (LCMAP) 
implementation for the United States). For most tropical areas, Landsat-based CCDC 
results do not exist yet. Hence, Fusion2 is more useful if we can know where forest 
disturbance events are more likely to happen. NRT-CCDC, on the other hand, is 
operational-ready and can be easily implemented to provide routine monitoring of 
tropical forest disturbance in tropical forests. One possible way to integrate Fusion2 and 
NRT-CCDC is to rely on NRT-CCDC for monitoring over large areas and use Fusion2 to 
provide enhanced monitoring in targeted areas that have a lot of recent forest disturbance 
as found by NRT-CCDC. An integrated near real-time monitoring suite can close the gap 
between better monitoring results using high-resolution sensors and higher operational-
readiness using coarse-resolution sensors. 
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5.2.3 Expand and improve the reference dataset  
 The effort of collecting reference dataset is labor intensive and time consuming. 
The event based assessment introduced in Chapter 3 requires the interpreters to utilize 
Landsat images and time series for the identification of the disturbance date and the 
boundary of the disturbance events. Within the 765 sample points selected in this study, a 
total of 160 disturbance events were discovered and recorded by the interpreters. This 
dataset is a relative small sample size compared to the total area that the operational 
system is monitoring. As a result, the uncertainty in our estimates of accuracy is large, as 
indicated by the wide confidence intervals. Expanding our current reference dataset to 
cover a larger study area and include more sample events, especially more recent events, 
will significantly reduce the uncertainty in our estimates of accuracy and, hence, improve 
the value of the assessment framework and comparison study.  
5.3 Broader Implications 
 Methods for studying historical land cover and land use dynamics of the Earth 
using remote sensing data have been well established. The use of data fusion and event-
based accuracy assessment for near real-time monitoring of forest disturbance is 
unprecedented. Therefore, this dissertation has important implications for data fusion, 
accuracy assessment, and operational monitoring of tropical forest disturbance in near 
real-time. 
5.3.1 Data fusion 
 The core concept of Fusion2 is to build a model using a time series of high-
resolution data that is not collected frequently enough for near real-time monitoring (e.g. 
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Landsat) to predict surface reflectance observations from moderate-resolution sensors 
(e.g. MODIS) that are collected with much greater frequency. The difference between the 
predicted and observed surface reflection is then an indicator of land cover change.  The 
residual, or the difference between the predicted and observed surface reflectance, is then 
projected to the same projection as the fine resolution sensor (e.g. Landsat grid) to form a 
time series of residuals. The Fusions algorithm is essentially a change detection algorithm 
based on a time series of residuals. By comparing model residuals instead of the original 
observations, differences in observations inherited from sensor design is minimized in 
time series analysis.  
The very same concept can be easily applied to other land remote sensing sensors 
such as VIIRS and the Sentinels to provide even denser time series of observations for 
faster detection of forest disturbance. For example, including radar data from Sentinel-1 
may improve the performance of detecting disturbance events during the wet season. The 
time series of radar observations will have its own model, and the model residuals can be 
combined with residuals derived from multispectral data as long as they are normalized.  
In the long run, the Fusion approach can be expanded to include data from 
multiple sensors including Landsat, MODIS, VIIRS, and the Sentinels to provide optimal 
near real-time monitoring of tropical forest disturbance. 
5.3.2 Accuracy Assessment 
 For a very long time the remote sensing community has looked at individual 
pixels as the unit of interest in accuracy assessment. Conventional accuracy assessment 
based on probability sampling and statistical inference provides per-class accuracy and 
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area estimation with confidence intervals based on whether sample pixels are classified 
correctly or not. These methods work very well for estimating the overall rate of 
deforestation for reporting purposes. In recent years, new studies have begun to focus on 
the change in the spatial pattern of deforestation events (e.g. Gibbs et al., 2016; Austin et 
al., 2017; Azevedo et al., 2017; Chambers and Artaxo, 2017). Researchers are trying to 
find if changes in forest management policies influence the behavior of forest disturbance 
activities. These kinds of studies rely on accurate mapping of forest disturbance events. 
Conventional accuracy assessment does not provide insight on the map accuracy of 
specific types of disturbance events. A map can have a high overall accuracy in the 
disturbance class as a result of only detecting large forest disturbances. It will be 
misleading if the map is then used to study the much smaller disturbances.  
 The assessment framework presented in Chapter 4 provides flexibility in 
assessing the accuracy of the disturbance class. Using individual disturbance events 
instead of pixels as the assessment unit can provide a measurement of map accuracy 
based on the properties of the disturbance events. Given a large enough sample size, 
using the new assessment framework helps comparison of map accuracy for different 
types of disturbances such as: large vs. small; past vs. recent; near old disturbance vs. in 
new region. 
5.3.3 Reducing tropical deforestation 
 The ultimate goal of this dissertation is to help reduce tropical deforestation. In 
order for forest protection organizations to be effective, it is essential for them to gain 
access to the latest and most accurate information on the location, size, and magnitude of 
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new forest disturbance activities. Unfortunately, some of the local forest protection 
agencies and policy makers don’t have the proper tools and the computational capacity to 
continuously monitor forest disturbance over large areas. The methods developed in this 
dissertation will be turned into operational near real-time products. The products will be 
updated routinely and made available online using open source tools. Such a product 
would be very helpful in the efforts of reducing tropical deforestation. 
5.4 The future of near real-time monitoring 
Spatial and temporal resolution are the two key factors in successful near real-
time monitoring. Current sensors with high spatial resolution does not collect enough 
data to accommodate faster detection of disturbance events. As the quality and quantity 
of operational sensors in the space increases, this may soon become less of an issue. The 
National Aeronautics and Space Administration (NASA) and The United States 
Geological Survey (USGS) are committed to continue the legacy of Landsat. Landsat 9 is 
scheduled to launch in December, 2020. The European Space Agency (ESA) currently 
operates two Sentinel-2 (A and B) satellites in space accumulating valuable observation 
of the Earth. A team in NASA has developed methods to combine Landsat and Sentinel-2 
data for time series analysis (https://hls.gsfc.nasa.gov/). Version 1.3 of the Harmonized 
Landsat Sentinel-2 (HLS) surface reflectance product was just released. In the near 
future, combining two Landsat and two Sentinel-2 satellites will provide global coverage 
at 30m resolution every 4 days. As cloud computing technology advances and open 
source processing tools (such as Google Earth Engine) become more powerful, routine 
monitoring over large areas may very well be possible at high resolution. The data fusion, 
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residual based change detection, and accuracy assessment methods developed in this 
dissertation are adaptable to newly available datasets.  
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